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Résumé : Lorem ipsum dolor sit amet, consectetuer
adipiscing elit. Ut purus elit, vestibulum ut, placerat ac,
adipiscing vitae, felis. Curabitur dictum gravida mau-
ris. Nam arcu libero, nonummy eget, consectetuer id,
vulputate a, magna. Donec vehicula augue eu neque.
Pellentesque habitant morbi tristique senectus et ne-
tus et malesuada fames ac turpis egestas. Mauris ut
leo. Cras viverra metus rhoncus sem. Nulla et lectus
vestibulum urna fringilla ultrices. Phasellus eu tellus
sit amet tortor gravida placerat. Integer sapien est,
iaculis in, pretium quis, viverra ac, nunc. Praesent
eget sem vel leo ultrices bibendum. Aenean faucibus.
Morbi dolor nulla, malesuada eu, pulvinar at, mollis
ac, nulla. Curabitur auctor semper nulla. Donec varius
orci eget risus. Duis nibh mi, congue eu, accumsan
eleifend, sagittis quis, diam. Duis eget orci sit amet
orci dignissim rutrum.
Nam dui ligula, fringilla a, euismod sodales, sollicitu-
din vel, wisi. Morbi auctor lorem non justo. Nam la-
cus libero, pretium at, lobortis vitae, ultricies et, tel-
lus. Donec aliquet, tortor sed accumsan bibendum,

erat ligula aliquet magna, vitae ornare odio metus
a mi. Morbi ac orci et nisl hendrerit mollis. Suspen-
disse ut massa. Cras nec ante. Pellentesque a nulla.
Cum sociis natoque penatibus et magnis dis partu-
rient montes, nascetur ridiculus mus. Aliquam tinci-
dunt urna. Nulla ullamcorper vestibulum turpis. Pel-
lentesque cursus luctus mauris.
Nulla malesuada porttitor diam. Donec felis erat,
congue non, volutpat at, tincidunt tristique, libero.
Vivamus viverra fermentum felis. Donec nonummy
pellentesque ante. Phasellus adipiscing semper elit.
Proin fermentum massa ac quam. Sed diam turpis,
molestie vitae, placerat a, molestie nec, leo. Maece-
nas lacinia. Nam ipsum ligula, eleifend at, accumsan
nec, suscipit a, ipsum. Morbi blandit ligula feugiat ma-
gna. Nunc eleifend consequat lorem. Sed lacinia nulla
vitae enim. Pellentesque tincidunt purus vel magna.
Integer non enim. Praesent euismod nunc eu purus.
Donec bibendum quam in tellus. Nullam cursus pul-
vinar lectus. Donec et mi. Nam vulputate metus eu
enim. Vestibulum pellentesque felis eu massa.

Title : titre (en anglais)

Keywords : 3 à 6 mots clés
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The circadian timing system

SCN : Suprachiasmatic Nuclei

Different external cues!

Endogenous CTS
variability

Amaster clock acting as an autonomous ≈ 24h-oscillator synchronised by external cues
This master clock entrains the peripheral clocks in the cells via physiological signals
The peripheral clock induces oscillations in key intracellular processes
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Chronotherapy and precision medicine
Time-dependent response to chemotherapy, radiotherapy… ⟹ chronotherapy

Long-term aim: Personalize chronotherapies, but with what data?

Today’s aim: Find link between systemic regulators (e.g. Temperature) and cellular clock

Indeed, only wearables data are available¹

Domomedecine: enregistrement 
rythmes circadiens

IDEAs
80 patients

cancers
digestifs 
Philips 

Warwick 
LEA

MULTIDOM
38 patients

cancers
pancreas     

FOLFIRINOX
RGDS

PicaPill
30 sujets

sains
Warwick

LEA

Cortisol, Mélatonine

CIRCADIEM
215 

infirmières
ANSES

Santé Publique Cancer                    Autres pathologies

2017 et après:

2009 – 2016:

HEPADOM
30 patients

Hepatectomy
ARS

Objectif : Utilisation des biomarqueurs circadiens comme signaux d’alerte 
précoces et  pour la personnalisation des chronothérapies

Ø Différence inter-sujets de la coordination circadienne et nouveau modèle statistique

Suivi journalier de 31 patients cancéreux sous 
chronothérapie à domicile (30-190 jours)

Suivi journalier de 55 volontaires sains et de 12 patients 
cancéreux (3-30 jours)

Ø Perturbation du rythme d’activité repos prédictif de l’hospitalisation d’urgence

Identifié par Commission Européenne comme « l'un des 25 projets 
technologiques les plus influents dans le domaine de la promotion d'un 
vieillissement actif et en bonne santé » (Avril 2018). 

Focus on mice: data available both at the
systemic and cellular level

¹Biopsies around the clock not easily available at individual patient scale
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Mouse class systemic regulators data
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Mouse class gene expression data (liver)
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A newmodel of the cellular circadian clock
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Dynamics of gene expression:
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Incorporating systemic regulators action on gene expression

Hypothesis: Multiplicative control of systemic regulators z on gene transcription

𝑑𝑥𝑣𝑖𝑣𝑜
𝑑𝑡 = 𝑓(z)𝑉maxTransc(M, 𝛾) − 𝛼𝑥𝑣𝑖𝑣𝑜

⇔ 𝑓(z) =
𝑑𝑥𝑣𝑖𝑣𝑜

𝑑𝑡 + 𝛼𝑥𝑣𝑖𝑣𝑜

Transc(M, 𝛾)

Data for 𝑥 = Bmal1, Per2 and Rev-Erb𝛼
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Systemic regulators identification as a regression problem

⇔ 𝑓(z̄(𝑡𝑖)) ≈
𝛥�̄�𝑣𝑖𝑣𝑜(𝑡𝑖)

𝛥𝑡𝑖
+ 𝛼�̄�𝑣𝑖𝑣𝑜(𝑡𝑖)

Transc(M, 𝛾) ∶= 𝑦(𝑡𝑖)

Mouse class data z̄ �̄�

Learn 𝑓 using the samples z̄(𝑡𝑖), 𝑦(𝑡𝑖) , 𝑖 = {1, … ,𝑁 − 1}

Systemic Regulators

Residuals

Explicit form
(unknown)

Learning 𝑓 usually boils down to solve

argmin
̂𝑓∈ℱ

𝑁−1

𝑖=1

𝑦(𝑡𝑖) − ̂𝑓(z̄(𝑡𝑖))
2

For this study,ℱ will be the space of linear functions.
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Computing residuals 𝑦: acquisition of clock parameters and protein levels
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RORn

CryPer

Nucleus Cytoplasm

𝑑𝑥𝑣𝑖𝑣𝑜
𝑑𝑡 = 𝑓(z)𝑉maxTransc(M, 𝛾) − 𝛼𝑥𝑣𝑖𝑣𝑜

In vitro setting ⟹ 𝑓(z) constant

Fit model on in vitro hepatocytes data
(Atwood et al., PNAS, 2011)
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Clock model fit on in vitro hepatocytes data
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Linear regression
For each residual 𝑦, a linear model

𝑗
𝛽𝑗𝑧𝑗 is fitted

The active regulators of the fitted model should be the same classwise.

Different weights 𝛽 for a regulator from one class to another are allowed

0.8 Food Intake (Class 1)
+ 0.3 Temperature

0.7 Food Intake (Class 2)
+ 0.5 Activity+ 0.5 Temperature+ 0.8 ∫Food Intake+ 0.2 ∫Melatonin

Need to account for the delay introduced by moving in different compartments

⟹ Integral regulators 𝑍𝑗(𝑡) = ∫𝑡
0
𝑧𝑗(𝑠)𝑑𝑠 are added: z ← (z, Z)

z Z 𝑥

A regulator 𝑧𝑗 and its integral 𝑍𝑗 are never found together in a model for all 𝑗

0.8 Food Intake (Class 1)
+ 0.9 ∫Food Intake+ 0.4 ∫Melatonin

0.7 Food Intake (Class 2)
+ 0.6 ∫Food Intake+ 0.2 ∫Melatonin
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Total error as a function of the number of involved regulators
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Control on gene mRNA degradation

ℰ 𝑦, z̄ ∶= 1
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4

𝑐=1

𝑛

𝑘=1

min
𝛽(𝑐)𝑘

ℓ 𝑦(𝑐)𝑘 , z̄ (𝑐), 𝛽(𝑐)𝑘 

ℓ(𝑦(𝑐)𝑘 , z̄ (𝑐), 𝛽(𝑐)𝑘 ) ∶= 1
𝑁 − 1

𝑁−1

𝑖=1

⎛
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(𝑐)
𝑗 (𝑡𝑖)
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2

Input/output normalized ⟹ ℰ is an average % of unexplained variance

F-test for nested models or balance
between DoF & error decrease:

Assuming linear control on
transcription, Bmal1 / Per2
associated trajectories conclude on
2-term models
No linear control for Rev-Erb𝛼
transcription
No linear control for all 3 genes
mRNA degradation
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2-termmodels ranking

Models sorted from best to worse for each gene
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 Biomarker

Food Intake and Temperature stand out as best models key components.

Melatonin included as negative control: validation of the approach.
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Classwise weights analysis for best 2-termmodels
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Conclusion & Perspectives

Biological insights and perspectives:

No realistic control for all 3 genes mRNA degradation & Rev-Erb𝛼 transcription

Food Intake and Temperature main actors for Bmal1 and Per2 transcription

▶ Integration of best regulator models back in the ODEs

▶ Validation on human data

▶ Towards personalized chronotherapies

Design of a newmodel learning approach and further developments:

Integration ofmulti-type data and classwise analysis

Encompass prior knowledge in model, mechanistic predictions on unknown parts

▶ Handle large number of variables within the sparse multi-task regression framework
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