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. Annexes

6.1 Annexe 1. R function to conduct the simulations

As we mentioned in the Discussion, this R function performs the analysis we conducted, that
is, comparing the performances of several priors given specifics settings that must be specified
by the user (e.g. a planned duration error). Below, we explain in detail how it works. For code
specifics, see the comments directly in the R code, which is available as an annexe of this work.
Noteworthy, the use of the function is highly specific to the settings and some arguments cannot

be computed easily as it will be explained below.

Before the function, it is important to define the Stan code to generate a draw from the posterior
distribution. The code follows the specific Stan syntax. It was put prior to the function for two
reasons (i) it is time consuming to transform the code from Stan syntax to R and (ii) this enables
to modify easily the code to include different distributions in the prior or the likelihood. In the
code below, we encoded all the data, parameters and distributions relative to our models, for

their understanding, we invite you to visit the Stan website”.

After setting the Stan code, we could define the function. The function includes ten arguments,
which are briefly described below:
* n_sim: Number of simulation to be run, i.e. the simulated data that mimic real clinical
trials.
* real t tot: The theoretical duration of the simulated trials.
¢ n: The number of patients to be recruited.
* Start date: The start date of the trials to be able to compute the distributions of arrival
per month.
* m: the number of subjects already in the study at the time of the predictions (no limit on
the number of values, but the greater they are, the longer it will take to run the function).
* n_pred: the number of waiting times to be generated in the predictions.
* diff month: the planned duration error, i.e. the difference in months between real trials

and expected duration.

4 https://mc-stan.org/
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* V lambda: the levels of information considered (no limit on the number of values, but
the greater they are, the longer it will take to run the function).
* Time_points: The length of the interval between time points for predictions
* Median precision: The method to compute the median precision (either the Mean
squared error (MSE) or the Mean absolute error (MAE)
The function is composed of three parts. The first part aims at generating the simulated data
that mimic real clinical trials. The second part aims at defining the tables that will store the
global results over all simulations. The third part consists in the computation of the results.

Below, we described how each part works and which arguments are involved.

For the first part, all the simulations are generated in the same loop so that if one wants to obtain
constant simulations over different planned duration error, it just has to specify a set.seed()

before running the function. The arguments involved are n_sim, real t tot, n and Start_date.

For the second part, three global results are returned by the function in a list:

* The mean HDI width over the n_sim simulations (second element of the list).

* The mean MSE (Mean Square Error) or MAE (Mean Absolute Error) over the n_sim
simulations, you can select between both in the Median precision argument (third
element of the list).

* The proportion correct coverage over the n_sim simulations (fourth element of the list).

Moreover, the function also returns the results computed in each simulation (first element of

the list).

The third part consists in the computation of the results. It consists in two nested loops. The
first level over the variances introduced in V' lambda and the second level over the m values
introduced in m. Three other arguments are used in this part of the code, diff month, n_pred
and Time_points. The use of the first one is pretty straightforward, however, for the two others,

some explanations need to be provided.

Regarding n_pred, it must be high so that enough patients are generated to compute the results
at all time points for predictions. Indeed, in some cases, the time points for predictions are larger
than the expected duration. Therefore, we must generate a number of patients that is large

enough to make predictions beyond this expected duration. To illustrate this, let’s say we want
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to know the prediction accuracy of a prior at 10 months in a setting with Tipeqic=20 and
diff month=12. In this case, the expected duration would be 8 months. Hence, to be able to
assess the prediction accuracy at 10 months, we need to generate more than n patients. Overall,
n_pred need to be larger than n-m and must be chosen so that the number of months of
recruitment is larger than the time points for prediction. For example, in a setting with n=500
and Tiheoric=20, n_pred value was 900 so that even with diff month=12, we were able to assess
prediction accuracy at 10 months. The main issue with n_pred is that we have no method to
compute it automatically, as it is highly specific to the values of real t fot and n used. Some

tests must be done prior to the function to ensure the value chosen is appropriate.

Regarding Time_points, it represents the length of the interval between time points for
predictions. They are always 5 times points. It must be chosen so that the time points never
exceed real t tot. Otherwise the function stops. Unfortunately, as above, no automatic method

exists to verify the values is appropriate and some tests need to be run.

Eventually, by running the two loops, which can take some times (more than 1 day for a setting
with n_sim=1000, real t tot=48, n=48 and n_pred=1100 involving 6 variances and 6 m
values), it yields all the results presented above in a list. As we explained, this part is the most
complex of the function, because values for n_pred and Time_points cannot be computed in the

function and must be defined before.
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6.1.1 R Code

# LSTAT2820 - Mémoire
# Programmation en R
#2019/2020

# Mémoire

# By Clement Laloux

# Clear Working Directory
rm(list = setdiff(Is(), c()))

# Library ####

library(invgamma)

library(rstan)

# Time data type

library(lubridate)

library(timeDate)

# Highest posterior density interval
library(HDInterval)

# Set Working Directory ####
Wd <_ nn

setwd(wd)

rm(wd)

# Stan model definition ####
# Define the Stan model to draw a sample of the posterior distribution of lambda
Analyse Prior Stan ="

data{

int<lower = 0> N; // size of the dataset used

real y[N]; /l'y = InterArTm (except 0 value)

real<lower = 0> alpha p; // Prior on alpha for the inverse gamma distribution
real<lower = 0> beta_p; // Prior on beta for the inverse gamma distribution

}

parameters {

real<lower = 0> lambda; // parameter of the exponential distribution

}

model{

lambda ~ inv_gamma(alpha p, beta_p); // Prior on lambda

for (iin 1:N)
{

target += exponential lpdf(y[i]|1/lambda); // No censored data, only density function

}
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# Transform the Stan code to be used in R then save it in an RDS file to save computational
time

#Analyse Prior R = stan_model(model code = Analyse Prior Stan)
#saveRDS(Analyse Prior R, pasteO("Analyse Prior R", ".rds"))

Analyse Prior R =readRDS("Analyse Prior R.rds")

# Simulation studies ####

# n_sim: Number of simulation to be run, i.e. the simulated data that mimic real clinical trials.
# real t tot: The theoretical duration of the simulated trials.

# n: The number of patients to be recruited.

# Start_date: The start date of the trials to be able to compute the distributions of arrival per
month.

# m: the number of subjects already in the study at the time of the predictions. There is

# no limit on the number of values, but the greater they are, the longer it will take to run the
function.

# n_pred: the number of waiting times to be generated in the predictions.

# diff month: the planned duration error, i.e. the difference in months between real trials and
expected duration.

# V_lambda: the levels of information considered. There is no limit on the number of values,
but the greater

# they are, the longer it will take to run the function.

# Time_points: The length of the interval between time points for predictions.

# Median_precision: The method to compute the median precision. Either the Mean squared
error (MSE) or

i the Mean absolute error (MAE).

robustness_sim <- function(n_sim, real t tot, n, Start date = date("2019/12/1"),
m, n_pred, diff month, V_lambda, Time points,
Median_precision = c("MSE", "MAE")){

# First Part: Generate the n_sim simulations ####

Real trials <- lapply(X = l:n_sim, FUN = function(jj){
# Define real lambda
lambda_real <- (real t tot*(365.25/12))/n

# Compute the waiting time based on the real value of lambda for the simulation
Waiting Time real <- rexp(n, 1/lambda_real)
Waiting Time real cumsum <- cumsum(Waiting Time real)

# Create real subject dataset
subject real <- data.frame(id = 1:n, arrival date = Start date, inter arrival =
Waiting Time real,
cum_inter arrival = Waiting Time real cumsum)
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subject real$arrival date <- subject real$arrival date+subject realScum inter arrival

# Trial duration in month ####

Tot day <- as.numeric(subject_real$arrival _date[n]-Start date)

correct label <- Start date+1:round(Tot_day)

correct_label <- unique(paste(month(correct label), year(correct label)))
t tot observed <- length(correct label)

return(list(t_tot observed, subject real))

1)

# Get Real _trials dataset
Real trials dataset <- lapply(Real trials, "[[", 2)

# Get real trial duration
Real trials duration <- unlist(lapply(Real trials, "[[", 1))
print(summary(Real trials duration))

# Second Part: Define general summary tables for results ####

# All the remaining tables will resume information from tables in each simulation

# We will compute the mean of results

# General IC width ####

# Create base table and fill it in the loops

General IC width <- as.data.frame(matrix(0, ncol = 1+length(V_lambda), nrow = 5))
rownames(General IC width) <- ¢(3, 6, 9, 12, "t _tot")

colnames(General IC width) <- ¢("Time Point (in month)", paste("V =", V_lambda))

# Create a list of m elements for all
General IC width Evol list <- rep(list(General IC width), (length(m)+1))

# General Median Precision ####

# Create base table and fill it in the loops

General Med precision <- as.data.frame(matrix(0, ncol = 1+length(V_lambda), nrow = 5))
rownames(General Med precision) <- ¢(3, 6, 9, 12, "t _tot")

colnames(General Med precision) <- ¢("Time Point (in month)", paste("V =", V_lambda))

# Create a list of m elements for all
General Median_precision_list <- rep(list(General Med precision), (length(m)+1))

# General real recruitment covered by 90% IC ####

# Create base table and fill it in the loops

General IC cover <- as.data.frame(matrix(0, ncol = 1+length(V_lambda), nrow = 5))
rownames(General IC cover) <-¢(3, 6,9, 12, "t tot")

colnames(General IC cover) <- ¢("Time Point (in month)", paste("V =", V_lambda))
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# Create a list of m elements for all
General IC coverage list <- rep(list(General IC cover), (length(m)+1))

# Third Part: Perform the simulation studies ####
# Store the results of each simulation
simulations <- lapply(1:n_sim, FUN = function(jj){
print(jj)
# Real data ####
# Import real trial data
subject real <- Real trials dataset[[jj]]

# Define real t tot
real t tot <- Real trials duration[jj]

# Define t_tot prior ####

# The expected duration is the real duration minus the planned duration error
t tot <-real t tot - diff month

print(t_tot)

# Define Time point for each m ####
# They represent a sequence of values at regular intervals, which is define in the function by
# the Time_points argument
time_point <- lapply(X = 1:(length(m)+1), FUN = function(jj){
set2 <- seq(Time_points, by = Time_points, length.out = 5)
if(jj==1) set2
else{
# Compute the number of months between Start date and last arrival
Nbr_months <- Start_date+1:ceiling(subject real$arrival date[m[jj-1]]-Start_date)
Nbr_months <- length(unique(paste(month(Nbr _months), year(Nbr_months))))

if(sum((Nbr_months+set2) > real t tot) == 0) (Nbr_months+set2)
else{
# Take the month pred before real t tot
lower <- (Nbr_months+set2)[which((Nbr_months+set2) <real t tot)]
# Save
c(lower, real t tot)
}
}
1)

# IC width ####
# Create tables and lists to stock the tables
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# 1C_width_Evol list gives the different widths of 90% IC for one m value and multiple
variance of lambda

# at several time points

IC_width_Evol list <- list()

# Create base table and fill it in the loops

IC width <-  as.data.frame(matrix(ncol = l+length(V_lambda), nrow =
length(time point[[1]])))

colnames(IC_width) <- ¢c("Time Point (in month)", paste("V =", V_lambda))

# Median Precision ####

# Median_precision_list compute either the MSE or the MAE

# between the real recruitment number and the prediction for one m value

# and multiple variance of lambda

Median_precision_list <- list()

# Create base table and fill it in the loops

Med precision <- as.data.frame(matrix(ncol = I+length(V_lambda), nrow =
length(time point[[1]])))

colnames(Med precision) <- ¢("Time Point (in month)", paste("V =", V_lambda))

# Prediction details ####
# 1C_details gives all the 90% IC informations and median prediction estimate
# for one m and one variance of lambda at several time points
IC details <- list()
# Create base table and fill it in the loops
Pred comparison <- as.data.frame(matrix(ncol = 6, nrow = length(time point[[1]])))
colnames(Pred comparison) <- ¢("Time Point (in month)", "Real recruitment",
"Lower 90% IC post", "Median post", "Upper 90% IC post", "IC width")

# Real recruitment covered by 90% IC ####

# 1C_coverage list tells us whether or not the 90% IC contains the true recruitment numbers
for one value of m and

# multiple variance of lambda

IC coverage list <- list()

# Create base table and fill it in the loops

IC cover <-  as.data.frame(matrix(ncol =  l+length(V_lambda), nrow =
length(time point[[1]])))

colnames(IC_cover) <- ¢("Time Point (in month)", paste("V =", V_lambda))

# Expected waiting time of the study ####

# Compute prior on lambda knowing waiting time has an exponential distribution with
lambda, the scale parameter.

# Prior mean on lambda is measured by the expected waiting time between patient (in days)

lambda 0 <- (t_tot*(365.25/12))/n
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# Bayesian setting, an inverse gamma distribution is considered for the parameter lambda of
the exponential distribution

# Find prior value for alpha and beta considering E(lambda) = lambda 0 and V(lambda) =
constant introduced in the function

E lambda <- lambda 0

cat("E(lambda) =", E_lambda)

# Stan Model ####
# Introduce the Stan model define above
Analyse Prior R =readRDS("Analyse Prior R.rds")

# Loop on V(lambda) ####
# For each V(lambda) introduced in the function, compute the different results of interest
for(e in 1:length(V_lambda)){

# Compute prior predictions on the trial

# Compute prior paramater values

alpha_0 <- E_lambda”"2/V_lambda[e]+2

beta 0 <- E lambda*(alpha 0-1)

# Sample 1000 different waiting time prior prediction, with for each waiting time,
# a new lambda from the inverse gamma distribution (in order to have IC)
# Then with the trial start date, define subjects arrival dates and compute recruitment per
month
Prior_pred <- lapply(1:1000, FUN = function(jj){
# For each waiting time w_i, sample a lambda from the prior distribution and use it in the
exponential
lambda_0 <- rinvgamma(n_pred, alpha 0, rate = beta 0)
w <- rexp(n_pred, 1/lambda_0)

# Then compute arrival date from trial start date
d <- Start_date+cumsum(w)

# Create a new variable that includes only month and year
m_y <- paste(month(d), year(d))

# Count the number of subject recruited per month

# Problem, 1 2021 comes before 2 2020

# Thus create a prevariable with label in correct order and work in another lapply
# Create a variable for the maximum number of days to recruit n_pred subjects

t tot 1000 <- as.numeric(d[n_pred]-Start_date)

# Return the arrival dates, the month and year and the trial length

list(d, m_y, t_tot_1000)
1)
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# Get the maximum difference in number of days

max_t_tot <- max(unlist(lapply(Prior_pred, "[[", 3)))

# To ensure the real t_tot is included in the maximum time duration

max_t tot <- max(max_t tot, as.numeric(subject real$arrival date[n]-Start date))

# Create the correct label order

# Compute a variable with all the dates from trial start date to trial last date possible in
prediction

# Then only keep one month and year combination in correct order

correct label <- Start date+1:round(max_t tot)

correct_label <- unique(paste(month(correct label), year(correct label)))

# Count the cumulative sum of subject recruited per month in each prediction
Prior_pred <- lapply(1:1000, FUN = function(jj){

d <- unlist(Prior_pred[[j;11[2])

d <- factor(d, levels = correct _label)

d <- table(d)

list(cumsum(d))

1)

# For each month, get the 1000 cumulative sum of subject recruited in the prediction
Prior_pred <- lapply(1:length(correct label), FUN = function(jj){
d <- lapply(Prior_pred, "[[", 1)
d <- unlist(unlist(lapply(d, "[[", jj)))
# Get the median value of subjects recruited in each month and the 90% HDI
list(hdi(d, credMass = .90)[ 1], median(d), hdi(d, credMass = .90)[2])

1)

# Retrieve the quantities of interest from the prior predictive distribution (median and 90%
HDI)

q05_prior <- round(unlist(lapply(Prior_pred, "[[", 1)), 0)

q5_prior <- round(unlist(lapply(Prior_pred, "[[", 2)), 0)

q95_prior <- round(unlist(lapply(Prior_pred, "[[", 3)), 0)

# Count real data per month

# Count per month

real_d <- paste(month(subject real$arrival date), year(subject real$arrival date))
real d <- factor(real d, levels = correct label)

real d <- as.numeric(table(real d))

# 1C_details

# Create a list inside the variance
IC details_ V <- list()
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# Update table

Pred comparison[,1] <- time point[[1]]

Pred comparison[,2] <- cumsum(real d)[time point[[1]]]

Pred comparison[,3] <- q05_prior[time_point[[1]]]

Pred comparison[,4] <- q5_prior[time point[[1]]]

Pred comparison[,5] <- q95_prior[time_point[[1]]]

Pred comparison[,6] <- Pred_comparison[,5] - Pred comparison[,3]

IC details V[[1]] <- Pred_comparison

#1C_width_Evol list
# Store the different results in their respective tables
# if first column to be fulfill, just assigns IC_width
ifle == 1){

# 1C_width

IC_width[,1] <- time point[[1]]

IC_width[,1+e] <- Pred _comparison[,6]

IC width_Evol list[[1]] <- IC_width

# Median Precision
Med precision[,1] <- time_point[[1]]

# Compute the Median precision depending on the type chosen

if(Median_precision == "MSE") Med precision[,I+e] <- (Pred comparison[,2] -
Pred _comparison[,4])"2

else if(Median_precision == "MAE") Med_precision[,1+e] <- abs(Pred comparison[,2] -
Pred comparison[,4])

else return(print("No Median precision selected, error"))

Median_precision_list[[1]] <- Med_precision

#90% IC Coverage

IC cover[,1] <- time_point[[1]]

# if the true recuitment value is covered by 90% IC, value is 1, otherwise 0

# index gives time points where true value is included

index <- which(Pred comparison[,2] >= Pred comparison[,3] & Pred comparison[,2] <=
Pred comparison([,5])

# if no time points, all values are 0

IC cover[,1+e] <-0

# if some time points, put their values at 1

if(length(index) != 0) IC_cover[index, 1 +e] <- 1

IC coverage list[[1]] <- IC cover

79



}#endifle==1)

# else fulfill the right IC_width_Evol list

else{
#1C_width
#IC width Evol list[[1]][,1] <- time_point[[1]]
IC_width_Evol list[[1]][,1+e] <- Pred _comparison[,6]

# Median Precision
# Compute the Median precision depending on the type chosen

if(Median_precision == "MSE") Median_precision_list[[1]][,1+e] <-
(Pred _comparison[,2] - Pred_comparison[,4])"2
else  if(Median precision == "MAE") Median precision list[[1]][,1+e] <-

abs(Pred comparison[,2] - Pred_comparison[,4])
else return(print("No Median precision selected, error"))

#90% IC Coverage

#IC coverage list[[1]][,1] <- time point[[1]]

# index gives time points where true value is included

index <- which(Pred comparison[,2] >= Pred comparison[,3] & Pred comparison[,2] <=
Pred comparison[,5])

# if no time points, all values are 0

IC coverage list[[1]][,1+e] <- 0

# if some time points, put their values at 1
if(length(index) !=0) IC _coverage list[[1]][index,1+e] <- 1
} #end else of if(e == 1)

# Then consider the predictions when m subjects are in the trial

# Model 1 : Model with informative prior

# Fit the model depending on the information we have on real data to adjust prediction
based on prior

# Inter-Arrival Time Model ==> Time to recruit a new patient

# Here we will consider n data at a time, we will use a exponential to predict the arrival of
n-m patients

# within a certain period

for(i in 1:length(m)){
# Model 1 Estimation
# Define the number of subjects in the study
m_test <- m[i]

# Define model parameters
# Waiting Time
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y <- subject_realS$inter arrival[l:m_test]

# Size of the dataset used

N_y <- length(y)

# Prior on alpha and beta (already defined above)

# Create list for Stanfitting
arrlist = list(y=y, N=N_y, alpha p=alpha 0, beta_p=beta_0)

# Fit the model
Analyse Prior Fit = sampling(object = Analyse Prior R, data = arrlist, chains = 4,
iter = 2000, warmup = 1000, thin = 4)

# Extract chains
Analyse Prior Paral = extract(Analyse Prior Fit)
print(summary(Analyse Prior Paral$lambda))

# Compute Prediction
# Sample 1000 different waiting time posterior prediction, with for each waiting time,
# a new lambda from the posterior lambda distribution (in order to have IC)
# Then with the trial start date, define subjects arrival dates and compute recruitment per
month
Post_pred <- lapply(X = 1:1000, FUN = function(jj){
# Sample one lambda from posterior
lambda post <- Analyse Prior Paral$lambdaljj]
w <- rexp(n_pred, 1/lambda_post)

# Then compute arrival date from trial start date
d <- c(subject_real$arrival date[1:m_test],
subject_real$arrival date[m_test]+cumsum(w))

# Create a new variable that includes only month and year
m_y <- paste(month(d), year(d))

# Create a variable for the maximum number of days to recruit n_pred subjects
t tot 1000 <- as.numeric(d[n_pred]-Start_date)

# Return the arrival dates, the month and year and the trial length
list(d, m_y, t tot 1000)
5

# Get the maximum difference in number of days

max_t tot <- max(unlist(lapply(Post_pred, "[[", 3)))

# To ensure the real t_tot is included in the maximum time duration

max_t tot <- max(max_t tot, as.numeric(subject real$arrival date[n]-Start date))
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# Create the correct label order

# Compute a variable with all the dates from trial start date to trial last date possible in
prediction

# Then only keep one month and year combination in correct order

correct label <- Start date+1:round(max_t tot)

correct_label <- unique(paste(month(correct label), year(correct label)))

# Count the cumulative sum of subject recruited per month in each prediction
Post_pred <- lapply(1:1000, FUN = function(jj){

d <- unlist(Post_pred[[jj]1[2])

d <- factor(d, levels = correct_label)

d <- table(d)

list(cumsum(d))

1)

# For each month, get the 1000 cumulative sum of subject recruited in the prediction
Post_pred <- lapply(1:length(correct label), FUN = function(jj){
d <- lapply(Post_pred, "[[", 1)
d <- unlist(unlist(lapply(d, "[[", jj)))
# Get the median value of subjects recruited in each month and the 90% HDI
list(hdi(d, credMass = .90)[ 1], median(d), hdi(d, credMass = .90)[2])

1)

# Retrieve the quantities of interest from the posterior predictive distribution (median and
90% HDI)

q05_post <- unlist(lapply(Post_pred, "[[", 1))

q5_post <- round(unlist(lapply(Post_pred, "[[", 2)), 0)

q95_ post <- unlist(lapply(Post_pred, "[[", 3))

# 1C_details

# Update table

Pred comparison[,1] <- time point[[1+i]]

Pred comparison[,2] <- cumsum(real d)[time point[[1+i]]]

Pred comparison[,3] <- q05_post[time point[[1+i]]]

Pred comparison[,4] <- q5_post[time point[[1+i]]]

Pred comparison[,5] <- q95_post[time point[[1+i]]]

Pred comparison[,6] <- Pred_comparison[,5] - Pred comparison[,3]

IC details_ V[[i+1]] <- Pred_comparison
#1C_width_Evol list

# Store the different results in their respective tables
# if first column to be fulfill, just assigns IC_width
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if(e == 1){
# 1C_width
IC width[,1] <- time point[[1+i]]
IC_width[,1+e] <- Pred _comparison[,6]
IC_width_Evol list[[1+i]] <- IC_width

# Median Precision
Med_precision[,1] <- time_point[[1+i]]

# Compute the Median precision depending on the type chosen

if(Median_precision == "MSE") Med precision[,1+e] <- (Pred comparison[,2] -
Pred _comparison[,4])"2

else if(Median_precision == "MAE") Med_precision[,1+e] <- abs(Pred comparison[,2]
- Pred_comparison[,4])

else return(print("No Median precision selected, error'))

Median_precision_list[[1+i]] <- Med_precision

#90% IC Coverage

IC cover[,1] <- time_point[[1+i]]

# if the true recuitment value is covered by 90% IC, value is 1, otherwise 0

# index gives time points where true value is included

index <- which(Pred comparison[,2] >= Pred comparison[,3] & Pred comparison[,2]
<= Pred_comparison[,5])

# if no time points, all values are 0

IC cover[,1+e] <-0

# if some time points, put their values at 1

if(length(index) != 0) IC cover[index, 1 +e] <- 1

IC coverage list[[1+i]] <- IC_cover
b
# else fulfill the right IC_width_Evol list
else{
# 1C_width
#IC width Evol list[[1+i]][,1] <- time point[[1+i]]
IC_width_Evol list[[1+i]][,1+e] <- Pred _comparison[,6]

# Median Precision
# Median Precision
# Compute the Median precision depending on the type chosen

if(Median_precision == "MSE") Median precision_list[[1+i]][,1+¢€] <-
(Pred_comparison[,2] - Pred_comparison[,4])"2
else if(Median precision == "MAE") Median precision list[[1+i]][,1+e] <-

abs(Pred_comparison[,2] - Pred_comparison[,4])
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else return(print("No Median precision selected, error"))

#90% IC Coverage

# index gives time points where true value is included

index <- which(Pred comparison[,2] >= Pred comparison[,3] & Pred comparison[,2]
<= Pred_comparison[,5])

# if no time points, all values are 0

IC coverage list[[1+i]][,1+e] <- O

# if some time points, put their values at 1
if(length(index) !=0) IC _coverage list[[1+i]][index,1+e] <- 1
}

} # fin boucle m

# Update list IC_details
IC details[[e]] <- IC details V

} #end V(lambda) loop

# Update General Tables ####
# General tables with a table by m value
for(i in 1:(length(m)+1)){
# General IC width
General IC width Evol list[[1]] <<- General IC width Evol list[[i]] s
IC_width_Evol list[[i]]

# General median Precision
General Median_precision_list[[i]] <<- General Median_precision_list[[i]] 1
Median_precision_list[[i]]

# General real recruitment covered by 90% IC
General IC coverage list[[i]] <<- General IC coverage list[[i]] + IC coverage list[[i]]

if(jj == n_sim){
# General IC width
General IC width Evol list[[i]] <<- General IC width Evol list[[i]]/n_sim
#General IC_width Evol lList[[i]][,1] <<-¢(3, 6, 9, 12, "t tot")

# General median Precision
General Median precision_list[[i]][] <<- General Median precision_list[[i]]/n_sim

#General Median_precision_list[[i]][,1] <<- ¢(3, 6, 9, 12, "t _tot")

# General real recruitment covered by 90% IC
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General IC coverage list[[i]][] <<- General IC coverage list[[i]]/n_sim
#General IC coverage list[[i]][,1] <<-¢(3, 6,9, 12, "t tot")
}
}

# Return list at simulation level ####
list(IC_details, IC_width_Evol list, Median precision_list, IC_coverage list)
}) # end lapply

# Return all the all the results from simulation and all the general tables
return(list(simulations, ~ General IC width Evol list,  General Median precision_list,

General IC coverage list))

} # end function robustness_sim
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Annexe 2. Simulations studies graphics and tables

For each setting, we present the graphics that were not displayed as well as the tables
summarizing all the information for the prediction accuracy of the three scenarios. Two results
are always displayed:

* The prediction accuracy based on the median number of subjects recruited per month.
One graph is displayed per m value. It shows the MSE for the different priors at various
time points from the month where patient m was recruited. m=0 corresponds to the prior.

* The number of times the real recruitment value is included in the 90% credibility
intervals. One graph is displayed per m value. It shows the coverage rates for the
different priors at various time points from the month where patient m was recruited.

m=0 corresponds to the prior

6.1.2 Annexe 2.1 First Setting
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Scenario 1: Toxpeciea at 12 months

Median Precision at V(\) = Correct Coverage at V(M) =
Time Point (in 001 005 0.l 0.5 I 5 001 005 01 05 1 5
month)

3 69.50 69.64 69.61 70.14 71.25 79.11 071 071 0.71 0.73 0.76 0.87

6 237.61 237.81 237.50 23939 241.21 259.89 045 046 046 049 052 0.71

Prior 9 504.28 506.14 505.81 507.67 511.21 540.44 026 026 026 028 031 0.53
12 869.83  871.05 871.73  875.23 879.32  918.80 0.14 0.14 0.14 0.15 0.17 0.34

15 1332.29 1334.34 1332.85 1338.40 1342.03 1394.94 0.06 0.07 0.06 0.08 0.08 0.18

3 92.28 87.88 84.65 80.82 87.00 113.93 0.67 0.73 0.78 090 092 0.92

6 273.11 259.01 246.68 231.06 25430 346.96 045 055 0.65 088 091 0.92

m=10 9 560.15 529.20 503.20 470.69 520.88  725.94 026 041 056 0.85 091 0091
12 939.66 888.06 84241 788.91 869.63 1227.40 0.15 029 046 086 090 0.92

15 1412.33 1329.14 125720 1170.15 1296.11 1843.84 0.08 020 0.39 086 091 0.92

3 90.49 81.14 73.92 62.18 62.68 69.04 0.67 074 0.82 090 092 091

6 269.58 238.04 212.57 169.84 172.50 192.18 045 058 0.69 0.89 091 0091

m=20 9 538.06 46994 41694 32292 327.52 370.26 028 047 0.62 0.87 091 0.90
12 908.17 791.08 696.34  530.95 536.36  607.82 0.16 034 0.54 087 091 0.92

15 1383.59 1197.56 1053.44 791.93 798.93  903.51 0.09 026 048 0.86 091 0091

3 86.49 73.44 64.41 50.46 49.75 51.43 071 0.78 0.84 0.92 091 091

6 261.75  216.67 184.73 134.20 132.19 137.02 046 063 0.74 090 089 0.90

m =230 9 530.95 433.05 364.73 25026 243.94 251.69 028 050 0.66 0.88 090 0091
12 888.38  717.36  597.07 396.83 384.77 396.13 0.17 0.39 0.60 0.89 090 0.92

15 1332.18 1069.53 885.73 583.44 564.28 581.64 0.10 032 0.55 0.89 090 091

3 85.80 69.17 58.62 4428 4345 44 31 069 080 0.84 092 092 0.92

6 255.28 198.01 161.91 110.69 107.14 108.90 048 0.67 0.77 090 091 0.90

m =40 9 513.20 392.12 313091 201.68 192.94 194.80 028 052 0.70 090 091 091
12 867.23 657.23 518.88 323.12 307.55 309.46 0.17 044 0.64 090 091 0.92

15 1297.03 974.15 768.16 47447 451.85 459.03 0.11 037 0.60 0.89 090 0.90

3 87.59 68.25 57.22 43.17 42.20 42.72 069 0.79 0.85 090 090 0.89

6 253.99 187.79 149.32 99.52 95.72 96.41 048 0.68 0.79 090 091 091

m=50 9 511.42 36991 287.27 178.89 169.78 169.49 031 055 071 0.89 090 0.90
12 853.35 610.03 469.88 285.92 271.70 271.20 0.19 047 0.66 090 090 0.89

15 1277.76  903.57 687.33 404.65 385.06 384.31 0.12 040 0.62 0.89 0.89 0.90

3 77.57 51.44 41.65 32.61 32.22 31.47 072 085 0.89 091 091 091

6 227.29 138.25 102.85 72.67 71.57 70.81 054 076 0.84 091 090 0.90

m=100 9 458.46  266.49 189.32 121.65 117.57 116.91 034 068 0.80 091 091 091
12 761.81 430.38  297.57 180.45 173.97 171.22 023 061 0.79 092 092 091

15 1155.13 644.39 441.78 260.18 249.34  246.17 0.14 055 0.74 090 091 0.90




Scenario 2: Toxpeciea at 6 months

Median Precision at V(\) = Correct Coverage at V(M) =
Time Point (in 001 005 0.l 0.5 I 5 001 005 01 05 1 5
month)

3 27.93 27.98 27.97 28.09 28.35 30.64 090 091 091 091 092 0.96

6 71.08 71.46 71.54 71.96 72.53 77.82 085 0.85 0.86 0.87 088 0.94

Prior 9 129.37 128.72 129.27 130.21 130.98 140.36 0.81 0.82 0.82 0.83 084 092
12 204.23  203.99 204.51 206.06  206.74 219.92 076 0.76 0.76 0.78 0.79 0.90

15 290.60 289.85 29234 293.60 293.60 311.09 069 0.70 0.70 0.72 0.75 0.87

3 36.27 36.51 37.19 4388 53.72 90.42 0.88 0.89 091 094 095 0.92

6 81.85 82.39 82.69 105.47 137.67  266.06 085 0.87 091 095 096 094

m=10 9 147.47 146.93 150.18 198.67 269.34  548.68 081 086 090 096 096 0093
12 225.11 224.84 22922 31243 432.58 918.15 075 083 0.89 096 096 0.94

15 316.03 316.27 322.54 444.55 628.61 1367.60 072 081 0.88 096 097 093

3 35.90 35.47 35.60 41.04 47.25 62.44 089 090 091 093 093 091

6 82.77 81.78 81.60 98.71 119.61 169.24 085 089 091 094 093 091

m=20 9 142.39 139.47 138.79 173.14 21795 321.98 082 087 090 094 094 091
12 219.44 21346 211.72 268.58 344.47 523.82 075 084 0.89 094 094 092

15 312.50 303.15 300.56 386.47 49947 779.22 074 080 0.88 094 094 0.92

3 34.99 34.52 34.17 37.97 41.43 49.26 090 090 092 092 093 0.92

6 82.59 80.31 78.99 91.45 104.10 128.58 085 0.88 090 092 091 0.90

m =230 9 143.69 136.40 133.49 157.94 182.69  232.41 082 086 0.89 094 093 0.92
12 217.05 206.11 198.85 239.05 279.44 363.12 077 085 0.89 093 093 091

15 303.92 286.16 276.19 339.11 404.70  534.30 073 083 0.89 093 092 091

3 34.45 33.25 32.94 35.59 38.29 42.71 090 091 093 093 093 0.92

6 80.30 75.89 73.60 81.78 89.06 102.82 085 088 090 092 092 091

m =40 9 136.94 127.09 122.51 137.87 154.12 182.76 081 087 091 093 092 091
12 212.80 194.65 187.02 212.14 239.79  288.10 077 086 090 093 093 091

15 29790 272.06 261.10 30391 349.92  425.70 073 084 0.89 094 092 0.90

3 36.76 35.42 34.58 36.78 38.80 41.25 0.88 090 092 091 090 0.90

6 80.42 75.03 72.33 77.90 83.55 92.37 085 0.89 090 091 092 091

m=50 9 141.16 128.67 122.47 131.97 144.35 161.47 0.81 088 091 092 092 091
12 214.79 194.05 185.01 203.98 226.26 257.84 077 085 090 092 091 0.90

15 299.70  266.78 251.58 281.91 313.70  364.10 073 0.82 0.88 092 092 0.90

3 34.05 31.39 30.16 30.46 30.82 31.88 089 091 092 091 091 091

6 76.93 68.09 64.61 65.41 67.52 70.12 085 0.89 091 091 091 0.90

m=100 9 134.27 113.19 105.46 105.19 109.02 113.92 082 0.88 091 092 090 0.92
12 201.23 165.40 151.25 153.08 159.13 168.04 0.80 0.87 091 093 091 091

15 29195 236.05 214.82 218.09 226.49 240.34 075 085 0.89 092 091 0.90




Scenario 3: Toxpeciea at 3 months

Median Precision at V(\) = Correct Coverage at V(M) =
Time Point (in 001 005 0.l 0.5 I 5 001 005 01 05 1 5
month)

3 21.06 21.00 20.87 21.07 21.25 22.30 093 093 093 094 095 0.98

6 43.48 43.74 44.02 43.58 4344 45.80 093 092 092 093 094 097

Prior 9 65.95 65.99 65.64 66.36 66.51 69.97 092 092 093 093 094 097
12 92.83 92.37 92.26 92.84 93.48 98.60 092 092 092 092 093 0.97

15 114.15 114.56 114.55 11491 115.50 122.28 092 093 093 094 094 097

3 27.10 27.39 28.07 34.32 42.50 79.11 092 093 093 095 094 0093

6 49.41 50.86 51.93 72.47 100.01 227.25 093 094 095 097 098 0.95

m=10 9 76.75 79.17 82.86 126.86 187.28  465.46 092 094 094 098 097 094
12 101.01 105.23 111.67 186.59  290.55  773.37 092 094 095 098 098 0.94

15 125.88 131.45 141.22 253.27 411.45 1145.81 092 094 096 098 098 0.95

3 27.06 27.25 28.00 34.37 41.40 59.02 092 092 093 094 093 0.92

6 50.86 52.58 54.62 76.06 98.73 157.67 092 093 094 095 094 092

m=20 9 75.48 77.18 81.30 125.99 173.68  297.21 092 094 095 096 094 0091
12 98.90 102.93 110.09 187.28 266.85 479.76 092 095 095 096 096 0.92

15 125.11 130.85 141.52  259.01 380.03  707.61 092 095 096 097 096 0.92

3 26.43 26.83 27.44 33.63 38.36 47.34 091 093 093 092 093 0.92

6 52.64 53.94 56.06 76.30 92.27 122.00 092 092 093 092 092 091

m =230 9 74.88 77.92 82.10 123.31 156.15 220.44 092 093 094 094 094 092
12 99.22 102.81 109.48 178.48  233.57 342.77 092 094 095 096 094 0.92

15 123.31 130.13 140.03 247.32 332.72 501.74 092 094 096 095 094 0.92

3 25.79 26.32 26.94 32.16 35.80 41.63 092 093 094 094 093 0.92

6 50.08 51.29 52.93 69.65 81.73 100.13 092 093 094 093 092 091

m =40 9 69.70 72.11 75.51 112.07 136.97 176.65 094 095 096 094 093 0.92
12 95.02 98.51 104.83 167.51 208.85  277.68 093 095 096 095 093 0.92

15 120.42 126.13 138.66  236.50 302.66 410.50 092 095 096 095 094 0.92

3 27.95 28.34 29.19 34.07 36.81 40.80 091 092 092 092 091 0.90

6 49.65 50.77 53.15 68.85 77.86 90.69 092 093 093 093 092 0.90

m=50 9 73.46 76.15 81.12 112.37 130.81 157.85 092 093 094 093 092 091
12 98.88 103.95 112.89 169.98  202.70  252.03 094 095 095 093 092 0.90

15 123.47 129.54 143.50 229.71 279.51 355.62 092 094 095 094 093 091

3 25.56 26.10 26.62 28.99 30.28 31.45 092 092 091 092 091 0.90

6 49.11 50.28 52.79 61.96 65.39 69.28 091 093 093 092 091 0.90

m=100 9 71.32 73.73 78.65 97.16 104.78 113.32 092 094 094 092 092 091
12 94.43 97.79 106.11 138.68 151.55 165.58 093 094 095 093 092 0.92

15 124.73 130.76 143.77 19528 215.62 237.26 091 093 094 092 091 091




Scenario 4: Toxpeciea at 0 months

Median Precision at V(\) = Correct Coverage at V(M) =
Time Point (in 001 005 0.l 0.5 I 5 001 005 01 05 1 5
month)

3 19.11 19.32 19.20 19.35 19.24 19.43 092 092 092 093 093 0.97

6 36.75 37.03 36.93 36.81 36.84 36.83 092 092 092 093 094 097

Prior 9 51.42 51.56 51.71 51.38 51.36 51.60 094 093 093 095 095 097
12 66.62 67.08 66.94 66.71 66.78 67.07 093 094 094 094 094 097

15 71.66 71.19 71.93 71.52 71.51 71.44 095 095 095 095 096 0.98

3 24.75 25.18 25.55 29.51 35.98 69.83 091 091 092 095 095 0093

6 42.22 42.77 43.82 57.19 77.76 193.71 093 094 094 098 097 0.96

m=10 9 60.11 61.18 63.21 92.74 138.00 389.84 093 094 096 097 098 0.94
12 70.80 73.29 77.18 127.00 20492  642.32 094 095 097 098 098 0.95

15 77.78 80.86 86.22 161.10 278.09 945.45 095 097 098 099 098 0.94

3 24.72 25.15 25.60 30.90 36.94 55.45 092 092 092 093 093 0.92

6 43.53 44 82 46.40 63.59 83.63 145.49 091 092 093 094 094 092

m=20 9 59.65 61.75 64.97 101.08 140.92  272.33 092 094 095 096 095 0091
12 69.63 73.01 78.42 139.98  209.18 433.57 094 096 096 097 096 0093

15 76.31 81.58 90.68 185.32 29230 638.73 095 097 098 097 096 0.92

3 24.90 25.21 25.70 31.09 35.17 45.46 091 091 092 092 092 092

6 46.84 47.51 49.73 67.42 82.35 116.79 092 092 093 093 092 091

m =230 9 59.33 61.86 66.38 102.64 134.35  207.47 092 093 094 095 094 092
12 69.60 74.14 81.02 141.66 196.34  322.38 093 095 096 097 095 0.92

15 79.52 86.82 97.67 193.08 276.46 469.91 095 096 097 096 094 0091

3 24.11 24.63 25.22 30.25 33.71 40.78 092 092 092 093 093 091

6 43.83 45.23 46.94 62.83 74.83 97.07 092 093 093 093 093 091

m =40 9 53.78 57.12 61.26 95.92 120.78 169.68 094 095 096 095 094 0.92
12 64.99 70.62 78.23 138.87 181.62  265.89 095 096 096 096 094 0.92

15 77.61 86.71 98.52 192.64 260.22 391.24 096 097 097 095 094 0091

3 26.03 26.65 27.34 32.26 35.49 40.22 091 091 091 092 090 091

6 42.51 44.20 46.60 61.92 72.34 88.43 093 092 093 093 092 0091

m=50 9 57.07 60.31 65.19 97.66 119.08 153.40 093 094 094 092 092 091
12 69.95 77.10 86.45 145.44 182.54  242.77 094 095 096 094 092 0091

15 80.34 90.36 104.52 192.59 24993  341.02 095 096 096 095 094 0091

3 23.42 24.31 25.14 28.55 29.86 31.34 092 092 091 091 090 0.90

6 41.50 44 .59 47.28 59.05 63.93 68.69 092 092 092 090 091 0.89

m=100 9 54.87 60.36 66.82 91.25 101.00 111.81 094 094 094 092 092 0.92
12 65.30 75.19 85.70 127.62 144.14 163.12 094 095 094 093 092 0091

15 78.13 94.13 111.59 177.41 203.19  233.80 095 095 094 092 092 0091




6.1.3 Annexe 2.2 Second Setting
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Scenario 1: Toxpeciea at 12 months

Median Precision at V(M) = Correct Coverage at V(A) =

Time Point (in 0.0005  0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)

2 508249  5084.85 508673 508693 512629  5186.25 0.00 0.00 0.00 0.0 000 0.00
4 19694.49  19691.47 1970630 19710.27 1978431 19913.93 0.00 0.00 0.00 0.0 000 0.00
Prior 6 4419522 44191.39 4420071 44224.49 4434540 44532.05 0.00 0.00 0.00 0.0 000 0.00
8 78392.58 78383.15 78419.55 78419.66 78610.19 78863.75 0.00 0.00 0.00 0.0 000 0.00
10 12239730 122394.90 122418.80 122422.50 122661.90 122971.30 0.00 0.00 0.00 0.0 000 0.00
2 629825  5601.89  2970.74 191697  793.03  673.22 0.00 0.00 004 026 081 0.86
4 20850.35 18479.00 9599.28 610044  2397.80  2014.20 0.00 0.00 001 019 080 0.86
m=15 6 43805.35 3877021 19972.80 12583.05 4829.47  4025.11 0.00 0.0 000 0.16 081 0.87
8 75910.28 67147.03 34459.82 21629.46 821127  6829.45 0.00 0.0 000 0.14 080 0.87
10 115958.00 102542.60 52495.83 32898.92 12437.08 10300.29 0.00 0.0 000 0.3 080 0.87
2 670226 536250  1850.69  984.14  339.87  287.60 0.00 0.00 0.3 045 085 0.89
4 20339.18 16238.58 557224  2934.34  988.47  824.32 0.00 0.00 005 037 085 0.88
m =30 6 41352.85 33011.07 11281.37 5905.45 194473  1614.60 0.00 0.00 002 032 086 0.88
8 6998522 55863.42 19119.14 9997.25 328549  2720.78 0.00 0.00 002 032 085 0.89
10 105921.00 84579.52 28954.92 1516328 5000.95  4144.31 0.00 0.00 002 029 085 0.88
2 4999.63 369091 102626  536.58  233.07  210.84 0.00 000 028 0.61 088 0.88
4 16416.02 12090.81 3278.83 165935 65033  578.83 0.00 0.00 015 053 086 0.88
m = 45 6 3434556  25271.18  6761.88  3367.80 126643  1118.32 0.00 000 0.1 049 086 0.88
8 58832.65 4326691 11509.96 568831  2083.07  1828.70 0.00 0.00 007 046 085 0.88
10 89966.46 6611523 1754770  8654.68  3139.35  2749.36 0.00 0.0 007 045 085 0.87
2 4897.37  3369.53 77689 39138 17467 15921 0.00 0.00 038 070 089 0.88
4 15320.51  10497.94 2341.00 1131.31  457.08  413.93 0.00 0.00 024 0.63 088 0.89
m = 60 6 31883.43 21829.54 479556 227685 87421  784.59 0.00 0.00 0.19 059 087 0.89
8 5408229 36989.11 8073.55  3798.09 143238  1275.30 0.00 000 0.15 056 087 0.88
10 82253.53 5625490 1226622 5769.61  2162.93  1932.77 0.00 0.00 0.4 053 086 0.88
2 429546 276592 54440  273.65 14033  133.72 0.00 0.00 048 076 088 0.89
4 13596.39  8743.50  1666.07  792.16 35324  328.84 0.00 0.00 034 070 089 0.90
m=75 6 2826626 18159.23  3413.18  1586.57  664.78  613.91 0.00 0.00 026 0.66 089 0.90
8 48058.04 30871.69 5757.10 264835 107478  986.41 0.00 0.00 022 0.64 087 0.89
10 73529.05 47263.99 8830.92 404934  1612.89  1473.93 0.00 000 020 0.62 088 0.88
2 2756.10  1460.83 23142 13563  93.82 91.67 0.00 004 073 085 091 0091
4 8651.60 454392  649.57 34459 21436  208.74 0.00 0.00 062 0.83 089 0.90
m = 150 6 17950.84  9404.92 129749 65691 38022  365.56 0.00 0.0 055 0.80 089 0.90
8 3052749 1600133 217729 108197  597.28  571.62 0.00 0.00 049 079 088 0.88
10 4608124 24111.52 322829  1574.09  850.08  812.54 0.00 0.00 045 076 087 0.88




Scenario 2: Toxpeciea at 6 months

Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
2 430.55 430.33 430.24 431.34 435.34 437.52 026 026 026 026 029 032
4 1588.55 1587.91 1588.91 1589.89 1596.47 1606.22 0.04 0.04 0.03 0.04 0.05 0.06
Prior 6 3482.74  3481.26  3486.80  3487.21 3497.45  3509.87 0.00 0.00 0.00 0.00 0.00 0.01
8 6095.97  6099.48 610243 610737 6121.06  6137.84 0.00 0.00 0.00 0.00 0.00 0.00
10 9449.53  9460.16  9451.35  9458.44 947739  9501.83 0.00 0.00 0.00 0.00 0.00 0.00
2 597.20 586.85 517.80 465.00 379.34 392.20 0.19 022 040 056 0.88 091
4 1879.99 1843.80  1600.74 1412.73 1105.13 1139.96 0.04 0.05 0.19 041 0.87 090
m=15 6 3850.37  3773.51 324578 284582  2167.19  2234.16 0.00 0.01 0.09 032 086 091
8 6608.59  6472.69  5551.89  4845.18  3653.44  3754.18 0.00 0.00 0.04 026 0.87 091
10 10009.74  9791.22  8394.53  7317.10  5491.51 5649.70 0.00 0.00 0.02 022 086 091
2 704.05 673.18 508.40 404.04 248.15 232.44 0.18 021 043 0.62 0.88 0.90
4 2035.32 1942.64  1444.10 1131.92 682.09 641.41 0.02 0.03 024 051 087 090
m =30 6 4038.88  3852.94  2836.36  2200.12 1302.58 1222.62 0.00 0.00 0.14 044 0.88 0.90
8 6769.45  6455.81 474478 367827  2175.85  2048.11 0.00 0.00 0.09 038 0.87 091
10 10166.11  9703.02 712434 551635  3287.50  3107.41 0.00 0.00 0.05 035 0.87 090
2 575.60 538.94 367.96 281.41 188.75 184.85 022 027 054 070 0.89 0.89
4 1812.60  1689.95 1125.88 836.43 516.00 495.79 0.04 0.05 034 061 0.87 0.89
m =45 6 3684.16  3435.71  2253.01 1646.54 982.84 942.15 0.00 0.01 024 054 0.87 0.89
8 6237.52  5805.05  3783.91 2749.86 1603.62 1539.00 0.00 0.00 0.16 0.52 0.86 0.89
10 9480.68  8818.94  5730.81  4157.02  2408.28  2303.62 0.00 0.00 0.12 048 0.87 0.88
2 612.34 562.22 346.89 249.91 153.49 147.42 022 026 058 0.74 0.89 0.90
4 1825.32 1663.39 987.93 686.22 390.38 374.69 0.04 0.05 043 0.69 0.89 090
m = 60 6 3733.61 3398.16 1983.81 1350.74 736.37 698.40 0.00 0.01 031 0.62 0.87 0.89
8 6253.70  5692.84  3291.38  2227.96 1194.29 1132.67 0.00 0.00 023 0.58 0.87 0.89
10 9485.00  8631.28  4982.57  3362.66 1801.36 1706.86 0.00 0.00 0.19 0.54 0.87 0.88
2 576.84 517.76 287.07 199.37 128.54 126.38 023 030 0.64 0.80 090 0.90
4 1753.90  1564.10 830.60 551.38 315.15 305.71 0.03 0.07 048 0.73 090 0.90
m=75 6 357897  3188.50  1662.19 1079.11 588.18 564.70 0.00 0.01 037 0.69 0.88 0.90
8 6022.86  5357.33  2764.16 1773.38 942.25 904.50 0.00 0.00 030 0.66 0.88 0.89
10 9231.66  8199.76  4234.84  2707.73 1408.21 1344.11 0.00 0.00 023 0.61 0.88 0.90
2 513.59 423.65 180.91 125.28 91.27 89.55 026 038 077 085 092 092
4 1554.23 1266.27 494.35 314.74 206.87 203.20 0.06 0.14 0.65 0.84 090 0.89
m = 150 6 3188.61  2584.62 972.14 596.75 365.17 355.44 0.01 0.04 058 0.80 090 0.90
8 5398.75  4375.76 1622.67 972.68 572.74 553.29 0.00 0.01 051 0.77 0.89 0.89
10 8097.94 654942  2391.04 1409.78 812.16 785.43 0.00 0.01 044 074 0.88 0.88
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Scenario 3: Toxpeciea at 3 months

Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
2 103.25 103.46 103.33 103.67 104.30 105.25 0.81 080 0.80 0.81 0.82 0.84
4 301.01 300.96 301.00 302.34 302.55 305.14 0.65 066 0.67 0.67 0.68 0.71
Prior 6 597.51 597.88 597.65 597.59 601.01 603.66 0.53 054 053 054 057 0.60
8 980.47 984.33 980.89 982.76 988.83 989.74 043 041 043 042 045 048
10 1459.77 1465.23 1464.60 1462.30  1467.28 1472.52 028 029 028 029 031 034
2 136.93 136.76 135.04 134.93 175.99 228.13 0.78 0.79 084 0.88 095 095
4 358.73 354.43 347.06 345.35 464.34 623.96 0.63 066 078 0.86 096 095
m=15 6 654.83 648.89 628.77 620.49 853.36 1182.29 0.55 058 075 0.87 097 096
8 1065.81 1057.52 1015.78 999.95 1395.72 1955.59 042 047 074 087 096 095
10 1545.54  1533.66 1469.20 1446.57  2052.19  2914.63 032 037 071 0.89 097 096
2 156.62 155.59 144.06 138.35 152.29 173.21 0.78 077 083 0.88 092 092
4 381.39 377.34 344.23 325.69 382.89 456.07 0.64 067 080 0.87 093 092
m = 30 6 685.87 673.99 603.43 568.20 689.16 844.02 0.56 058 079 0.88 094 092
8 1095.36 1072.04 958.35 899.58 112330  1386.47 040 046 076 0.87 094 0.93
10 1587.23 1554.01 1388.30 1309.69 1679.28  2090.93 031 039 073 0.87 093 0.93
2 132.61 129.51 118.63 114.35 135.90 154.15 0.79 079 086 090 0.92 0.90
4 349.03 340.68 300.54 286.67 346.36 396.86 0.66 068 082 0.87 092 091
m =45 6 638.78 621.59 539.05 509.29 635.34 741.03 0.57 062 079 086 092 091
8 1018.51 989.59 848.81 798.38 1012.04  1189.16 045 053 078 086 091 091
10 1496.14  1454.31 1244.59 1172.34  1505.54  1775.50 035 042 074 086 091 0.90
2 140.26 136.38 120.03 112.99 120.58 128.62 0.79 081 088 090 092 091
4 345.16 332.74 280.51 260.15 288.86 316.00 0.67 071 084 0.89 091 091
m = 60 6 645.83 619.80 508.64 464.57 523.28 583.30 0.56 062 081 0.87 091 090
8 1021.20 980.18 792.43 722.38 835.42 936.40 046 053 080 0.87 090 091
10 1514.85 1451.47 1171.15 1067.92 1244.61 1402.95 035 043 075 086 091 0.90
2 133.53 128.56 108.53 102.42 108.53 116.40 0.80 082 087 090 090 0.90
4 335.02 321.90 254.43 233.33 250.68 272.93 0.68 071 086 0.89 092 091
m="75 6 623.64 594.90 457.55 412.94 452.34 493.23 0.56 062 082 088 092 091
8 991.74 942.08 712.83 640.22 708.23 780.47 046 054 081 088 091 091
10 1495.33 141591 1064.74 948.44 1044.27 1152.45 034 045 076 0.87 091 0.90
2 123.20 115.47 90.46 84.10 85.74 87.50 0.82 084 090 091 091 092
4 311.33 286.35 205.31 184.72 190.65 194.63 0.71 076 088 0.90 0.90 0.90
m = 150 6 594.69 540.59 367.38 321.47 326.62 334.92 0.59 066 085 0.89 090 0.90
8 966.52 876.24 582.41 501.68 504.81 519.16 047 057 083 0.88 0.89 0.88
10 1401.16 1268.57 821.04 703.21 712.32 737.27 038 050 081 0.88 0.89 0.88
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m= 30 m= 45

m= 15

Scenario 4: Texpeciea at 0 months
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Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
2 52.11 52.50 52.33 52.30 52.71 52.38 0.88 089 089 0.89 090 091
4 89.81 90.03 90.55 89.40 90.26 89.06 090 090 090 090 091 092
Prior 6 130.76 130.90 130.42 129.75 130.44 129.91 091 092 091 091 092 0.93
8 159.34 160.31 159.92 159.90 160.11 159.08 092 093 094 092 093 094
10 184.22 184.20 183.61 183.93 183.96 182.81 093 093 093 093 094 095
2 58.41 57.84 58.75 60.34 85.09 123.05 090 089 092 093 096 0.96
4 103.90 103.50 104.78 109.46 186.37 305.68 091 091 093 096 098 097
m=15 6 135.18 133.98 135.64 143.56 294.63 535.32 093 094 097 098 098 097
8 160.92 159.89 162.07 174.11 431.84 846.16 094 094 097 099 099 098
10 175.14 173.46 178.06 198.14 597.25 1231.71 096 096 099 099 099 098
2 60.76 60.96 62.29 64.83 93.76 122.47 091 092 094 094 095 095
4 103.22 103.26 106.33 113.68 203.04 294.86 092 092 095 097 096 094
m =30 6 131.55 131.71 136.25 147.62 325.88 515.72 094 095 097 098 097 095
8 154.20 154.05 160.96 183.85 497.48 824.02 095 095 098 098 097 0.96
10 174.68 175.28 188.79 226.45 723.14 1231.36 096 09 099 099 098 095
2 56.58 56.30 58.26 62.75 97.42 122.09 091 091 093 093 092 091
4 97.24 97.80 103.70 117.00 222.26 296.14 093 093 096 096 094 092
m =45 6 133.10 133.28 145.00 170.96 385.18 539.32 093 094 096 096 095 0.93
8 157.22 158.89 179.06 222.51 586.29 848.94 095 095 097 098 095 0.93
10 184.16 187.77 221.92 288.95 853.04 1255.06 095 09 098 097 095 0.93
2 58.91 58.60 61.42 64.90 92.88 109.16 091 092 093 093 092 092
4 97.88 98.34 104.42 118.05 204.69 255.97 092 093 094 095 094 092
m = 60 6 130.22 129.35 143.00 168.78 348.75 456.65 094 093 096 097 094 0.93
8 151.39 152.47 177.12 223.21 536.36 721.40 095 095 097 097 094 0.93
10 184.68 186.64 229.16 301.22 791.02 1076.59 095 09 097 097 095 0.93
2 62.83 63.10 65.80 69.50 93.83 104.88 090 090 091 091 091 090
4 100.39 100.98 109.85 122.30 197.40 234.80 091 092 093 094 093 091
m=75 6 131.99 133.50 151.45 177.09 335.09 414.84 093 093 095 096 093 092
8 154.76 157.76 188.95 236.60 511.40 646.02 095 095 097 096 093 091
10 182.52 186.52 235.90 310.66 734.17 943.51 095 09 097 097 094 092
2 55.81 56.40 60.32 65.25 79.78 84.13 092 092 092 092 092 092
4 95.71 97.11 110.15 124.95 170.46 184.01 092 092 093 092 091 091
m =150 6 129.19 132.34 160.07 190.18 283.55 313.38 092 094 094 093 091 090
8 157.67 164.43 213.97 266.00 428.51 479.05 094 095 094 094 091 090
10 187.08 196.64 272.57 352.85 600.74 674.45 095 095 094 094 091 090
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6.1.4 Annexe 2.3 Third Setting
Scenario 1: Texpeciea at 12 months
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Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
3 12749.41 1274854 12756.22 12790.37 12972.43 13227.75 0.00 0.00 0.00 0.00 0.00 0.00
6 51129.97 51103.89 51127.51 51183.26 51581.78 52233.08 0.00 0.00 0.00 0.00 0.00 0.00
Prior 9 114949.30 114896.70 114919.40 114965.60 115583.70 116712.50 0.00 0.00 0.00 0.00 0.00 0.00
12 203389.70 203366.00 203421.70 203557.90 204339.00 205951.40 0.00 0.00 0.00 0.00 0.00 0.00
15 314979.50 315060.50 315052.00 315222.70 316285.90 318402.00 0.00 0.00 0.00 0.00 0.00 0.00
3 7965.71 5247.37 1773.12 1407.43 1227.36 1209.60 0.01 013 077 0.86 0.90 0.90
6 28840.89 18868.01 6093.36  4719.27  4033.41 3962.16 0.00 0.06 0.76 0.85 0.88 0.88
m=>50 9 63241.77 41304.90 13066.55 10000.68  8449.47  8296.12 0.00 0.04 075 0.86 0.88 0.88
12 110821.60 7229535 22627.31 17249.82 14490.99 14192.85 0.00 0.03 076 0.86 0.89 0.88
15 169905.90 110794.70 34292.32 26058.74 21817.67 21335.67 0.00 0.02 076 0.86 0.89 0.89
3 5246.59 291547 930.75 781.69 709.26 706.65 0.04 034 085 0.88 0.88 0.89
6 18493.04 10101.98 2959.12 242195  2177.14  2164.28 0.01 022 082 0.87 0.89 0.89
m=100 9 39793.18 21580.30 6070.73  4902.89 439241  4368.36 0.00 0.17 083 0.87 0.89 0.90
12 68902.50 37039.60 10108.72  8098.48  7222.18  7186.11 0.00 0.14 082 0.88 0.89 0.89
15 105014.20 56268.41 15169.12 12092.60 10774.22 10709.33 0.00 0.12 082 0.87 0.89 0.89
3 4014.09  2047.64 682.44 594.40 549.13 542.18 0.11 047 088 090 090 0.90
6 13317.34  6593.54  1978.73 1694.84  1569.84  1546.92 0.05 036 086 0.89 0.89 090
m = 150 9 27887.22 13591.08 3857.69  3255.01 299296  2953.93 0.02 030 085 0.88 0.89 0.89
12 47261.62 2285147 6268.40  5256.55  4819.31  4752.10 0.01 025 086 0.88 0.89 0.89
15 72645.65 34948.88  9434.44  7868.67  7199.91 7096.93 0.01 024 085 0.89 0.89 0.89
3 3068.73 1484.95 537.26 482.47 456.72 455.07 020 057 089 0.89 0.89 0.89
6 991049  4619.49 1479.64 1308.83 1225.58 1223.32 0.08 048 086 0.88 0.89 0.89
m =200 9 20569.44  9433.19  2826.57 248522  2315.14  2309.71 0.05 040 086 0.88 0.89 0.89
12 34746.90 1580592 4601.13  4038.78  3755.01 3744.20 0.03 039 086 0.88 0.89 0.89
15 53099.86 2407599 6915.69  6035.07 5610.35  5589.29 0.02 035 085 0.87 0.89 0.89
3 2273.67 1076.43 452.08 425.00 415.38 413.92 030 066 088 0.88 0.89 0.89
6 7446.57  3361.41 1195.15 1097.70  1051.51 1044.15 0.15 054 087 0.89 0.89 0.89
m =250 9 15431.60  6807.35  2246.15  2029.56 1950.04  1932.49 0.10 050 0.88 0.90 0.89 0.89
12 26042.97 11365.08 3596.94 321892  3079.96 305545 0.06 047 088 090 090 0.90
15 39865.42 17326.76  5361.56 478579  4558.12  4529.89 0.04 043 088 090 0.89 0.90
3 960.37 495.15 294.17 287.56 283.36 284.31 0.60 082 091 091 091 092
6 2859.23 1319.24 655.04 634.69 620.16 622.80 045 077 091 092 092 091
m =500 9 5878.89  2576.06 1162.81 1111.38 1088.79 1087.70 034 073 091 091 091 091
12 10051.42  4340.08 1891.24 1792.44  1759.52 1754.60 029 070 090 092 092 091
15 15351.03  6547.27 274732 259377  2537.95  2526.93 024 067 090 0.90 0.90 0.90
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Scenario 2: Texpeciea at 6 months
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Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
3 1819.00  1819.84  1824.28 1829.74  1863.01 1911.08 0.12 0.13 0.14 0.14 0.23 0.34
6 6948.67  6946.59 695138  6961.80  7031.09  7154.96 0.01 0.00 0.01 0.01 0.01 0.04
Prior 9 15343.78 1533250 15351.33  15367.38 15467.71 15682.67 0.00 0.00 0.00 0.00 0.00 0.01
12 27012.12  26970.39 2700636 27011.37 27155.09 27431.34 0.00 0.00 0.00 0.00 0.00 0.00
15 41513.99 4151132 41524.78 4153231 41713.66 42076.16 0.00 0.00 0.00 0.00 0.00 0.00
3 1658.06 1393.38 989.32 1002.17 1121.36 1141.63 036 057 087 090 091 091
6 5692.52  4728.28  3234.01 3253.63  3651.95  3726.39 0.16 044 087 0.88 0.89 0.89
m=>50 9 12299.71 10169.65  6800.21 6803.92  7637.45  7787.38 0.08 036 087 090 0.89 0.88
12 21325.53 17609.02 11645.26 11639.09 13057.23 13332.58 0.03 031 087 090 0.89 0.89
15 32430.18 26703.71 17507.07 17454.06 19638.38 20030.38 0.02 028 086 0.89 0.88 0.89
3 1390.17 1057.84 673.42 660.03 676.63 687.27 046 068 088 0.89 090 0.89
6 4667.55 345638  2062.08  2013.21  2072.07  2102.16 027 057 088 090 0.89 0.89
m=100 9 9860.31 721533 4146.22  4043.53  4172.00 422949 0.17 052 087 090 090 0.90
12 16807.05 12143.72 6803.99  6607.56  6851.23  6957.31 0.11 049 087 090 0.89 0.89
15 25473.67 18368.08 1012536  9831.79  10220.76 10368.49 0.08 045 087 090 090 0.90
3 1270.39 908.51 555.30 534.79 533.35 534.01 052 073 090 091 090 0.90
6 3999.56  2751.74  1558.80 1505.02 1520.47 1525.04 035 065 089 090 0.89 0.89
m = 150 9 8183.64  5508.27  2978.99  2866.74  2894.11  2909.60 025 059 088 0.89 090 0.90
12 13668.01  9090.97  4772.65  4579.64  4653.34  4683.48 0.19 057 088 090 090 0.89
15 20843.13 13766.35 711222 6833.47  6967.13  7005.77 0.16 054 088 090 0.89 0.89
3 1106.64 755.13 463.76 449.90 448.77 448.73 0.56 078 090 0.89 0.89 0.89
6 3387.58  2199.66 1237.50 1192.98 1201.74  1202.11 042 071 088 0.89 0.89 0.90
m =200 9 6841.97  4332.27  2328.15  2242.09  2265.31  2264.67 032 067 088 0.89 0.89 0.89
12 11379.78  7143.28  3758.44  3627.56  3673.60  3668.66 026 062 088 0.89 0.89 0.89
15 17268.61 10775.71  5604.97  5423.40  5489.91 5482.59 023 061 088 0.89 0.89 0.89
3 920.47 616.02 409.74 406.43 410.85 412.54 0.62 079 090 0.89 090 0.89
6 2820.26 1775.13 1051.54 1029.13 1037.20  1043.72 048 073 089 090 0.89 0.90
m =250 9 5664.02  3461.84  1945.13 1894.50  1917.09 1932.00 039 071 089 0.89 0.89 0.90
12 9424.81 5664.87  3086.29  2985.12  3023.22  3041.63 035 067 090 091 090 0.90
15 14278.09  8513.51  4569.99 442497  4478.15  4505.31 030 066 090 090 090 0.90
3 545.26 374.06 286.30 282.90 283.08 282.49 0.78 087 091 092 092 092
6 1483.15 917.11 626.59 618.93 622.25 615.89 0.68 085 092 092 092 091
m =500 9 2927.76 1713.51 1098.74 1074.87 1082.17 1077.95 0.60 084 091 091 092 0.90
12 4927.99  2828.76 1769.79 1735.66 1747.44  1740.98 0.56 080 091 091 091 091
15 744835  4221.21 256249 @ 2501.76  2520.24  2506.24 0.50 079 090 090 091 091
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Scenario 3: Texpectea at 3 months
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Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
3 446.83 447.15 449.11 450.26 460.38 476.75 072 071 073 0.72 0.82 0.89
6 1398.15 1398.30  1403.03 1403.97 1422.59 1461.12 0.52 052 054 054 0.66 0.75
Prior 9 2873.73  2873.68  2881.75  2880.79  2909.30  2972.70 034 035 036 038 049 0.60
12 4872.20  4882.70  4889.43  4877.71 492034  5015.95 020 020 021 023 033 044
15 727838  7293.57  7307.86 729495  7357.21 7467.54 0.12 011 0.12 0.14 0.24 0.33
3 467.39 456.85 605.82 758.67 1044.18 1103.25 0.83 088 093 093 091 091
6 1333.92 1304.47 1835.55 236897  3360.44  3576.87 0.78 088 094 093 090 0.89
m=>50 9 2711.72  2625.83  3723.99  4867.29  6998.19  7453.54 0.74 086 094 092 090 0.89
12 4485.27  4341.22  6222.72 825493  11953.28 12718.79 0.71 086 094 093 090 0.90
15 6615.89  6399.84  9236.15 12295.00 17937.06 19106.42 0.71 086 094 092 090 0.90
3 439.45 423.19 507.42 574.02 655.00 671.40 0.84 088 091 090 0.89 0.89
6 1246.11 1181.90  1482.75 1698.89 1998.88  2050.55 0.79 086 091 092 0.89 0.89
m=100 9 2450.21 229598  2901.39  3377.12  4013.93  4130.04 0.76 087 092 091 090 0.90
12 393423 3651.98 465545  5479.56  6592.85  6778.73 0.76 088 092 092 090 0.90
15 5817.54  5365.30  6873.15  8140.79  9805.69 10101.13 0.73 086 092 092 090 0.89
3 440.56 411.73 453.56 484.46 523.72 529.47 0.86 089 092 092 090 0.90
6 1186.37 1093.77 1237.00 1347.38 1483.05 1508.92 0.80 087 091 090 0.89 0.89
m =150 9 222836  2022.67  2304.27  2537.35 282626  2877.65 0.78 087 090 090 090 0.89
12 3521.27  3155.74  3643.86  4034.02  4528.28  4626.79 0.76 088 092 091 0.89 0.89
15 5199.41  4638.34  5389.77  5986.07 6777.14  6928.02 0.74 087 092 090 0.89 0.89
3 413.69 383.65 401.45 421.06 440.86 444.73 0.87 091 090 090 0.89 0.88
6 1082.82 969.97 1032.54 1106.02 1174.98 1190.24 0.82 088 090 0.90 090 0.90
m =200 9 1989.74  1756.07 1906.35  2061.18  2218.93  2247.34 0.80 087 090 0.89 0.89 0.89
12 3166.02  2771.73  3049.16  3310.09  3592.66  3640.53 0.79 087 090 090 0.89 0.89
15 4661.82  4059.04  4519.20  4927.92  5352.12 544291 0.76 087 090 0.90 0.88 0.88
3 386.42 358.70 374.90 391.39 407.35 411.08 0.86 090 090 090 0.89 0.89
6 987.23 879.57 922.61 971.21 1020.76 1032.53 0.83 088 090 090 0.89 0.90
m =250 9 1789.82 1563.23 1669.83 1776.00  1885.19 1908.91 0.83 088 090 091 090 0.90
12 2820.82  2423.43  2613.80  2790.13  2983.73  3013.06 0.80 088 091 092 090 091
15 4123.39  3526.83  3851.84  4111.98 439586  4448.88 0.79 088 092 091 090 091
3 301.70 276.51 274.32 279.01 282.24 281.62 090 091 091 091 091 092
6 681.44 599.25 590.02 603.75 616.25 615.19 0.89 091 092 092 092 091
m =500 9 1206.17 1037.36 1024.86 1048.01 1069.93 1071.21 0.88 092 092 092 091 091
12 1941.52 1650.72 1642.44 1688.84  1728.97 1732.71 0.84 090 092 092 091 091
15 282239  2373.80  2356.21 2429.00 249432  2483.59 0.84 089 091 091 091 091
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Scenario 4: Texpeciea at 0 months
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Time Point (in

Median Precision at V(M) =

Correct Coverage at V(A) =

0.0005 0.001 0.005 0.01 0.05 0.1 0.0005 0.001 0.005 0.01 0.05 0.1
month)
3 179.60 178.01 177.13 178.08 176.44 174.57 0.89 089 090 090 094 0.96
6 318.66 318.59 317.65 316.89 316.68 311.05 091 091 091 092 096 098
Prior 9 483.64 482.50 481.77 480.10 480.03 470.01 091 091 092 092 095 097
12 623.70 620.37 620.33 621.77 617.03 607.72 091 091 091 092 095 097
15 768.56 769.91 763.81 765.59 759.92 749.00 091 091 092 093 096 098
3 204.71 220.41 402.47 581.03 956.61 1036.22 093 095 095 094 091 091
6 378.26 437.37 1093.00 1710.09  3052.32  3346.02 096 097 097 094 091 0.89
m=>50 9 586.15 707.16 2105.59 342593  6317.00  6961.37 097 098 096 094 090 0.89
12 777.29 988.50 3417.82 572194 10745.29 11894.93 098 099 097 095 090 0.90
15 960.37 1274.88  4938.11 8439.53  16060.59 17824.43 098 099 097 095 090 0.90
3 212.76 235.00 392.81 489.07 633.92 657.09 092 094 093 092 0.89 0.89
6 412.00 495.20 1071.68 1416.65 1920.14  2000.84 094 095 093 091 0.89 0.88
m=100 9 643.40 814.87 2041.74  2776.14  3847.99  4007.80 095 095 094 092 090 0.90
12 841.22 1133.05  3207.69  4469.89  6291.75  6590.71 098 097 093 092 0.89 090
15 1059.69 1508.54  4672.07  6576.53  9352.44  9803.68 098 098 095 093 090 0.89
3 210.06 237.98 374.96 435.94 510.04 521.21 094 093 091 091 090 0.89
6 436.73 526.83 990.79 1189.63 1441.56 1479.82 095 095 092 091 0.89 0.89
m = 150 9 643.82 833.65 1802.73  2213.56  2744.50  2814.62 096 09 092 092 090 0.89
12 866.86 118242  2806.46  3508.93  4384.07 4521.24 097 09 093 091 090 0.89
15 1111.23 1591.74  4098.78  5206.63  6553.41 6743.85 098 097 093 091 090 0.89
3 218.34 245.13 351.18 391.68 436.37 440.95 091 091 091 090 0.89 0.88
6 436.83 524.76 876.56 1014.81 1158.51 1177.20 094 094 091 091 0.89 0.89
m =200 9 647.78 830.60 1581.31 1871.38  2181.60  2216.89 095 095 092 090 090 0.89
12 903.89 1217.27  2503.39  2995.62  3536.59  3594.13 096 09 093 091 0.89 0.89
15 1145.82 1647.83  3674.54 442744  5266.24  5357.41 097 09 092 090 0.89 0.89
3 241.23 266.75 350.70 378.94 404.85 407.61 091 092 090 090 0.89 090
6 453.96 538.15 828.62 920.82 1012.35 1022.59 093 093 091 0.89 0.89 0.89
m =250 9 681.03 862.98 1467.08 1663.98 1866.26 1889.66 095 095 091 090 090 0.90
12 919.96 1231.36  2257.31 259442 2939.01  2977.34 096 09 092 092 090 0.90
15 1191.03 1676.95  3291.44  3803.31  4347.89  4409.08 096 09 093 092 090 0.90
3 219.04 235.56 267.25 274.45 280.97 281.56 093 092 092 092 091 092
6 406.95 458.96 569.53 595.46 615.01 616.90 094 094 093 091 092 092
m =500 9 618.90 735.20 967.52 1019.72 1071.69 1071.38 094 093 091 091 091 091
12 904.18 1119.92 1546.14 1637.47 172734  1731.14 094 093 092 091 091 091
15 1178.68 1517.67  2196.41 2341.77 248432  2487.61 094 093 092 090 090 0.90
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6.1.5 Annexe 2.4 Fourth Setting

Scenario 1: Texpeciea at 12 months
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Time Point (in

Median Precision at V(\) =

Correct Coverage at V(M) =

0.1 0.5 1 5 10 50 0.1 0.5 1 5 10 50
month)

1 7.36 7.41 7.38 7.72 8.42 10.45 086 0.86 087 092 091 0.96

2 27.47 27.66 28.02 28.72 29.78 36.06 069 0.69 0.70 0.73 0.76 0.85

Prior 3 57.03 56.88 57.33 58.40 60.14 71.17 052 053 053 059 061 0.75
4 98.62 98.60 99.34 101.87 10524  119.15 042 042 043 046 050 0.64

5 152.41 15320 153.70 156.56  159.83  180.90 032 032 032 034 039 0.56

1 15.52 13.98 13.05 11.51 11.90 14.92 078 0.82 085 092 094 0095

2 39.05 34.86 31.97 27.13 27.81 35.10 063 0.69 074 086 092 0.93

m=3 3 74.15 65.66 60.53 50.73 52.11 65.62 050 0.56 0.63 083 090 0.93
4 120.75  106.33 98.20 81.74 83.67 105.67 038 045 053 081 0.88 0.93

5 178.68  158.40 14543 12093 123.15 15537 029 034 043 077 0.86 0.93

1 15.33 13.53 12.17 10.13 10.02 11.54 079 0.83 088 093 094 0.93

2 38.23 32.67 29.55 23.72 23.45 27.14 064 0.72 076 090 092 0.93

m=4 3 72.59 62.48 55.90 44.45 43.42 50.42 049 056 064 084 089 0.92
4 118.49 101.17  90.50 71.89 69.80 81.59 037 045 054 081 088 0091

5 174.66 14932 132.83 104.72 101.97 119.67 029 036 045 078 086 091

1 14.92 12.63 11.10 8.75 8.46 9.02 079 084 0.87 093 094 095

2 37.65 31.15 27.39 20.49 19.67 20.75 062 0.70 0.76 0.88 092 0.93

m=>5 3 72.11 59.48 51.91 38.62 36.67 38.55 046 0.55 0.64 086 089 0.92
4 115.91 95.05 82.95 61.05 58.23 61.57 038 046 055 082 088 091

5 174.41 14278  125.15 90.92 86.33 91.13 028 037 047 077 086 091

1 14.73 11.95 10.40 7.52 7.21 7.24 079 084 0.87 093 095 095

2 37.09 29.60 25.68 17.83 16.38 16.53 063 0.71 077 091 093 0.93

m=6 3 71.51 56.38 48.16 32.75 29.87 29.95 047 055 065 086 090 0.92
4 116.09  91.49 77.78 52.14 47.09 46.63 037 046 056 082 088 091

5 170.61 13468 113.89  75.56 68.14 67.65 028 037 048 080 0.86 0.90

1 14.56 11.48 9.77 6.70 6.24 6.08 0.80 0.85 088 095 097 0.96

2 37.69 29.12 24.48 15.96 14.77 14.23 063 071 077 090 092 0.94

m="7 3 70.15 54.39 45.31 28.81 26.03 24.92 048 0.59 0.67 086 090 091
4 113.41 87.12 72.23 44.88 39.73 38.38 037 048 057 084 0.89 0.90

5 167.59 128.40 105.85 65.16 57.68 55.05 028 039 052 080 087 0.92

1 13.81 9.45 7.48 4.80 4.40 4.09 078 086 090 095 096 0.95

2 34.12 22.52 17.11 9.64 8.49 7.65 064 0.77 085 093 093 0.93

m=15 3 63.01 41.08 30.72 15.99 13.72 12.06 050 0.67 077 092 093 0.92
4 102.48  65.39 48.87 24.46 20.77 17.83 040 0.56 0.69 089 092 0.93

5 150.61 95.44 70.82 34.51 28.58 24.50 031 048 0.63 087 091 0.92
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Scenario 2: Toxpeciea at 6 months

Time Point (in

Median Precision at V(\) =

Correct Coverage at V(M) =

0.1 0.5 1 5 10 50 0.1 0.5 1 5 10 50
month)

1 2.27 2.30 2.27 2.29 2.38 2.68 097 097 097 097 098 0.99

2 5.61 5.55 5.47 5.66 5.83 6.66 093 093 093 094 095 0.97

Prior 3 9.25 9.29 9.37 9.56 9.80 11.36 091 092 093 093 093 0.96
4 14.09 14.08 14.16 14.41 14.62 16.26 090 090 091 091 092 095

5 19.64 19.61 19.58 19.80 20.03 23.12 0.88 0.87 0.88 0.89 090 0.95

1 3.80 3.75 3.80 4.00 4.24 6.18 095 095 095 09 096 0.96

2 7.18 7.16 7.15 7.53 8.20 13.11 093 093 094 095 096 0.96

m=3 3 11.58 11.51 11.47 12.13 13.42 23.05 092 092 093 09 096 0.97
4 16.63 16.78 16.71 17.86 19.96 35.86 090 091 092 094 096 0.96

5 22.90 22.94 22.98 24.61 27.93 51.49 0.88 0.88 0.89 095 097 0.96

1 4.02 3.92 3.98 4.04 4.36 5.99 095 095 095 09 095 0.95

2 7.20 7.16 7.10 7.49 8.26 12.71 093 094 094 09 096 0.96

m=4 3 11.82 11.73 11.71 12.23 13.67 22.14 090 091 092 095 095 095
4 17.03 16.93 16.92 18.10 20.38 34.62 0.89 091 091 095 096 0.95

5 23.23 23.02 22.96 24.45 28.16 49.11 087 0.89 09 095 096 0.95

1 3.82 3.81 3.78 3.86 4.17 5.54 096 096 09 097 097 0.96

2 7.19 7.10 7.08 7.27 8.07 11.45 093 093 094 09 096 0.96

m=>5 3 11.82 11.67 11.45 11.99 13.37 20.18 091 092 093 09 096 0.95
4 16.92 16.70 16.62 17.44 19.30 30.65 0.89 090 091 094 096 0.95

5 24.05 23.61 23.35 24.79 27.72 44.58 0.86 0.88 0.89 093 095 0.94

1 3.77 3.75 3.75 3.75 3.94 4.94 095 096 09 096 096 0.96

2 7.30 7.26 7.15 7.32 7.72 10.30 093 093 094 095 096 0.95

m==6 3 12.01 11.80 11.69 12.09 12.88 18.06 091 092 092 095 095 0.94
4 17.52 17.36 17.08 17.29 18.77 26.97 0.88 090 091 094 096 0.95

5 23.63 23.29 23.04 23.54 25.79 38.14 0.87 0.88 0.88 093 094 0.94

1 3.81 3.72 3.70 3.66 3.81 4.52 095 095 09 097 097 0.96

2 7.47 7.29 7.17 7.24 7.62 9.73 093 093 095 09 095 0.95

m="7 3 12.14 11.83 11.72 11.64 12.40 16.73 091 092 093 094 095 0.94
4 17.37 16.96 16.89 16.64 17.80 24.26 088 0.89 091 094 094 0.93

5 23.25 22.83 22.50 22.68 24.63 34.28 086 0.88 090 094 095 0.94

1 3.94 3.86 3.76 3.68 3.70 3.78 095 095 095 09 096 0.95

2 7.29 7.09 6.88 6.52 6.60 6.91 092 093 094 094 094 0.94

m=15 3 11.76 11.26 10.80 9.84 9.81 10.63 091 092 093 095 095 0.93
4 17.32 16.59 15.74 14.35 14.39 15.48 0.87 0.88 09 092 093 0.93

5 23.31 22.01 21.09 18.98 19.22 21.00 0.86 0.88 090 092 093 0.93
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Scenario 3: Texpeciea at 3 months
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Time Point (in

Median Precision at V(\) =

Correct Coverage at V(M) =

0.1 0.5 1 5 10 50 0.1 0.5 1 5 10 50
month)

1 1.94 1.95 1.92 1.96 2.00 2.08 097 097 097 097 097 0.98

2 4.03 4.02 4.02 4.00 3.99 4.30 094 095 094 095 096 0.97

Prior 3 5.90 5.91 5.94 5.94 6.04 6.44 095 095 094 095 096 0.97
4 7.68 7.71 7.73 7.82 7.82 8.42 094 095 095 095 096 0.97

5 9.34 9.48 9.45 9.49 9.62 10.63 094 095 095 09 096 0.98

1 3.00 3.01 3.01 3.11 3.23 4.43 094 095 094 095 096 0.96

2 4.76 4.83 4.79 5.05 5.38 8.51 096 095 09 097 097 0.97

m=3 3 6.69 6.71 6.77 7.26 7.87 13.81 095 094 095 09 096 0.97
4 8.50 8.51 8.57 9.41 10.57 20.79 095 096 09 097 098 0.97

5 10.48 10.56 10.79 11.84 13.65 28.82 096 096 096 097 097 0.98

1 3.09 3.09 3.10 3.26 3.39 4.57 094 094 094 094 095 0095

2 4.77 4.83 4.81 5.13 5.59 8.69 095 095 095 09 096 0.96

m=4 3 6.82 6.88 6.90 7.60 8.29 14.28 095 095 095 09 096 0.96
4 8.79 8.84 8.95 10.06 11.51 21.92 095 095 09 095 096 0.96

5 10.76 10.90 11.02 12.53 14.56 30.06 095 095 09 097 097 0.96

1 3.06 3.02 3.03 3.17 3.40 4.41 096 095 09 096 097 0.96

2 4.88 4.81 4.86 5.22 5.59 8.38 096 095 095 09 096 0.96

m=>5 3 6.84 6.86 6.88 7.54 8.47 14.13 096 095 09 096 096 0.96
4 8.61 8.68 8.73 9.87 11.21 20.54 096 096 09 097 097 0.96

5 10.93 10.91 11.29 12.68 14.94 29.26 096 096 09 097 096 0.96

1 2.85 2.90 2.94 3.00 3.23 4.03 095 096 09 096 097 0.96

2 4.87 4.92 4.89 5.23 5.68 7.89 095 094 095 09 095 0.95

m=6 3 7.06 7.15 7.26 7.82 8.71 13.48 095 094 094 09 096 0.95
4 9.06 9.10 9.15 10.05 11.43 19.37 096 096 09 096 097 0.96

5 11.02 11.02 11.16 12.84 14.94 26.57 095 096 096 097 097 0.95

1 2.92 2.84 291 3.00 3.18 3.85 095 096 09 096 096 0.96

2 4.89 4.92 4.94 5.29 5.67 7.85 095 094 095 09 096 0.96

m="7 3 7.09 7.13 7.23 7.64 8.60 12.82 095 095 095 095 096 0.95
4 9.02 9.18 9.11 10.11 11.58 18.49 095 095 09 09 096 0.95

5 10.74 10.72 10.94 12.54 14.67 25.20 095 096 09 097 097 0.96

1 3.04 3.07 3.00 3.20 3.36 3.60 096 096 09 09 095 0.95

2 4.87 4.86 4.91 5.18 5.43 6.47 094 095 095 094 094 0.94

m=15 3 6.71 6.79 6.80 7.40 8.04 9.63 096 095 09 096 095 0.94
4 8.82 8.98 9.02 10.12 11.04 14.02 095 094 095 095 094 0.93

5 10.72 10.78 10.99 12.54 14.09 18.47 094 095 095 095 095 0.94
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Scenario 4: Texpeciea at 0 months
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Time Point (in

Median Precision at V(\) =

Correct Coverage at V(M) =

0.1 0.5 1 5 10 50 0.1 0.5 1 5 10 50
month)

1 1.95 1.95 1.94 1.96 1.92 1.89 094 095 095 095 095 097

2 3.78 3.81 3.82 3.78 3.82 3.78 092 092 092 093 093 095

Prior 3 5.40 5.36 5.34 5.33 5.38 5.35 092 092 093 093 093 0.96
4 6.76 6.63 6.67 6.64 6.67 6.54 094 094 094 094 094 0.96

5 7.67 7.65 7.66 7.75 7.72 7.80 094 094 095 095 096 0.97

1 2.94 2.96 293 2.96 3.01 3.54 094 094 095 094 095 0.96

2 4.41 4.47 4.41 4.50 4.66 6.11 093 094 094 095 095 0.97

m=3 3 5.95 5.91 5.99 6.04 6.24 9.10 094 094 094 095 096 0.97
4 7.15 7.15 7.20 7.43 7.83 12.70 093 094 094 09 096 0.97

5 8.12 8.27 8.24 8.56 9.22 16.64 095 096 09 096 097 0.97

1 3.01 2.99 3.01 3.06 3.06 3.71 092 093 093 094 093 0.94

2 4.50 4.53 4.58 4.61 4.80 6.58 093 094 094 094 095 0.96

m=4 3 6.06 6.07 6.12 6.31 6.67 10.12 093 093 093 094 095 0.96
4 7.29 7.44 7.43 7.89 8.50 14.32 094 093 094 094 096 0.96

5 8.43 8.59 8.59 9.08 10.05 18.87 095 094 094 09 097 0.96

1 2.98 2.97 3.03 3.06 3.07 3.74 093 093 093 094 094 0.94

2 4.43 4.43 4.51 4.59 4.71 6.41 094 095 094 095 095 0095

m=>5 3 5.92 5.92 5.99 6.23 6.65 10.11 093 094 094 094 095 0.96
4 7.15 7.29 7.30 7.67 8.37 14.15 094 094 094 095 096 0.96

5 8.21 8.33 8.34 9.03 10.10 19.34 095 095 095 09 097 0.96

1 2.79 2.77 2.75 2.81 2.88 3.49 094 094 095 095 095 0.96

2 4.55 4.54 4.53 4.65 4.91 6.39 094 094 094 093 094 0.94

m=6 3 6.24 6.29 6.21 6.53 7.06 10.37 093 093 093 094 095 0095
4 7.37 7.48 7.45 7.83 8.63 13.93 094 094 094 095 095 0.96

5 8.31 8.41 8.48 9.32 10.37 18.71 094 094 095 096 096 0.96

1 2.75 2.77 2.82 2.80 2.86 3.44 094 094 094 094 095 0.96

2 4.46 4.49 4.49 4.66 4.85 6.46 092 093 093 094 095 0095

m="7 3 6.07 6.20 6.16 6.53 6.88 10.21 093 093 094 095 095 0.96
4 7.53 7.56 7.67 8.07 8.70 14.01 094 094 094 095 096 0.95

5 8.24 8.26 8.36 9.09 10.37 18.37 095 095 09 096 096 0.96

1 2.87 293 2.94 3.04 3.06 3.47 093 093 094 093 093 095

2 4.44 4.48 4.52 4.71 4.97 5.96 094 093 093 094 093 0.94

m=15 3 5.79 5.89 5.89 6.30 6.85 8.75 093 093 094 094 094 094
4 7.25 7.29 7.50 8.37 9.06 12.30 094 095 094 095 095 0.94

5 8.22 8.31 8.50 9.68 11.05 16.09 095 094 095 095 095 0.94
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