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Background

Clinical trials gather repeated measurements on
endogenous markers of disease progression and on
time to events, such as treatment discontinuation or
death, with the ones possibly informing the other.
For instance, in oncology solid tumors, changes in
tumor burden as measured by the sum of lesion
diameter (SLD) can be correlated with overall survival

r a joint Stein-Fojo/Weibull model

Example workflow and output

1. Setup and load data 3. Model fitting

sampleStanModel() function can be used to fit the model
(here using default MCMC options)

library(tidyverse)

library(jmpost)

library(posterior)
joint_results<- sampleStanModel(joint_mod, data=joint_data)

The format of the input datasets is simple:
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We created a new R package called jmpost.

The package is designed to :

+ Facilitate the implementation and inference using
MCMC for the aforementioned types of models,

+ Support the diagnostic and extraction of model
outputs

» Simulate scenarios using the fitted models

Candidate models and algorithm

The models implemented in jmpost include:

Process Model

TGl [1] Stein-Fojo
[2] Generalized Stein-Fojo
[3] Claret-Bruno

0s [1] Weibull (PH)
[2] Log-logistic (PH)
[3] Gamma (PH)

The models are implemented in Stan, and requires
companion installation of the R package cmdstanr.
Stan supports different algorithms, and most notably
an adaptive Hamiltonian Monte Carlo (HMC) sampler.
Stan provides a rich set of diagnostics, such as:

» # divergent transitions during sampling,

» Effective sample sizes (ESS),

* Scale reduction factors (Rhat).

subject = DataSubject(data=subj_df, subject="id", arm="arm",
study="study"),

longitudinal = DataLongitudinal(data=long_df, formula=sld~year),

survival = DataSurvival(data=o0s_data, formula=Surv(os_time,
os_event) ~ ecog+age+race+sex)

)

2. Basic model specification

Upon calling JointModel(), (i) we select the longitudinal
model (here SteinFojo), the survival model (here
WeibullPH), and the link (here linkGrowth i.e.
log(kg_i)), and (ii) we specify the priors for the model
parameters.

joint_mod <- JointModel(

longitudinal = LongitudinalSteinFojo(
mu_bsld = prior_normal(log(65), 1),
mu_ks = prior_normal(log(©.52), 1),
mu_kg = prior_normal{log(1.84), 1),
omega_bsld = prior_normal(@, 3) |> set limits(@, Inf),
omega_ks = prior_normal(®, 3) |> set_limits(e@, Inf),
omega kg = prior normal(@, 3) |»> set limits(e, Inf),
sigma = prior_normal(®, 3) |> set_limits(@, Inf)

),

survival = SurvivalWeibullPH(
lambda = prior_gamma(®.7, 1),
gamma = prior_gamma(1.5, 1),
beta = prior_normal(e, 20)

),

link = linkGrowth(
prior = prior_normal(®, 28)

[Ker20] Kerioui M, Mercier F, et al. (2020). Bayesian inference using Hamiltonian Monte-Carlo algorithm for nonlinear joint modeling in the

context of cancer immunotherapy. Statistics in Medicine, 39: 4853-4868

s(t)

# i 1 more variable: ess_tail <dbl>

Using the functions SurvivalQuantities() and autoplot(), we
can visualize the posterior predictive survival curves,
and overlay the Kaplain-Meier estimates.

time_grid <- seg(from = @, to = max(os_data%os_time), length = 1@@)
os_surv_group_grid <- GridGrouped(
times = time_grid,
groups = with(
subj df, [
split(as.character(id), arm)
)
)
os_surv_pred <- SurvivalQuantities(
object = joint_results,

grid = os_surv_group_grid,

type = "surv"
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