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Biological objectives
Two examples in plant growth and pharmacokinetic
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» Understanding intra-subject processes
» Understanding variations of these processes across subjects
= fundamental for developing individual strategies and guidelines

Our assumptions: access to
P> Repeated measurements within individuals for a population
» Mechanistic model with interpretable parameters

= Inference on mechanisms and variations in the population



Observations of growing process along time
[Pinheiro and Bates (2000)]

Given : Tree
orangers

temps

Figure: Circumferences of 5 orange trees measured at 7 times



Observations of growing process of five orange trees

logistic model y(t) = 1+exp(_%)



Individual level approach versus population approach

» Ajusting N regression models each with J observatlons

i1
Yij = 7 P + €jj
i
14 exp < 75 >
Model parameters : (i;, var.,) € R3*1

= N(3 + 1) parameters

> Ajusting 1 model with NJ observations

Pi3

L on
{ Yi = 1+e><p( g m) + &
wi = o + Vi

Parameters: 6p0p = (14, var,, var.)
= 2% 34 1 parameters




Statistical issues raised up

Consider the following mixed effects model:

pi = ey + bj, 1<i<N
with b; < A(0;T) random effects, g " N(0; 52) noise term
Objectives:
> estimate model parameters 6 = (yu, I, 0%)
> predict individual output as @; or Y;
> explain variabilities of individual parameters g;
> ..



Introducing high-dimensional covariates in the model

Consider the following mixed effects model:

Yi = h(pint)+e; 1<i<N, 1<j<J
oi = e+t b 1<i<N

with b; ~ N(0;T) random effects, €;; ~ N(0; 02) noise term
Idea :

. explain parameter variability with covariates
pi=p+pBXi+ b, 1<i<N

with X; covariates of size p large versus N

= Variable selection in high dimension in mixed model



Inference through reguralized maximum likelihood estimate

[Caillebotte et al. (2025)]

Consider the following mixed effects model:
oi = p+BXi+ b, 1<i<N
Consider the LASSO estimate [Tibshirani (1996)]

§LAssO _ ar%é,gax{bg Linarg(0; ) — M10]11} -

with X regularization parameter and

Lmarg(e;)/) = /Lcomp(ei}’)b)db

= weighted proximal stochastic gradient descent
and eBIC criteria [Chen and Chen (2009)]



Simulation study in a logistic mixed model
Lletl1<i<Nand1<;j<J
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Variable selection in pharmacokinetic mixed effects models

Pharmacokinetic model:
N =200, J =12 and p = 500 ; volume and dose are known

Y = #@ﬁ[w (exp(—piztjj/volume) — exp (—i1tj)) + €jj
i1 = p1+ G1°Xi + bi
i = p2 + B2 X + bin

bi 'K N(0.47) b2 'K N(0,5) = X N(0,0%)

=- comparison between 3 approaches:
» A. (&;) by N individual model + selection of (X;) using &;
» B. (¢;) by one mixed model + selection of (X;) using ;
» C. direct selection by one mixed model integrating (X;)

= regarding robustness to partial observation
keep only the first 3 observations for a proportion p of individuals



Variable selection’s results

dose pj1

Yij = exp(—wjotii/volume) — exp (—p1tii))+€;i
Y volume @1 — <Pi2( P(—wiatij/ ) p(—wittj))+ej

> A. ($i) by N individual model + selection of (X;) using &;

> B. ($i) by one mixed model + selection of (X;) using i

> C. direct selection by one mixed model integrating (X;)

First individual parameter Second individual parameter
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Figure: Proportions of support selection under increasing censoring rates.



Take home message and open questions

modeling parameter variability in a mechanistic model
more interpretability of parameter estimates
explain parameter variability with HD covariates

statistical tool to reduce parameter number

vVvyYVvyyVvyy

population approach regularize variable selection

= Many open questions :

manage correlation between covariates

optimize selection of the regularization parameter
computational cost with complex mechanistic model

post model selection inference after LASSO

= visit maiage.inrae.fr/estelle-kuhn
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