N
N

N

HAL

open science

Mathematical models in microbial ecology

Simon Labarthe

» To cite this version:

‘ Simon Labarthe. Mathematical models in microbial ecology. 2019. hal-03352423

HAL Id: hal-03352423
https://hal.inrae.fr /hal-03352423

Submitted on 23 Sep 2021

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.inrae.fr/hal-03352423
https://hal.archives-ouvertes.fr

S.Labarthe

DynEnvie - MalAGE - INRA Jouy en Josas
09/27/2019

== | N?A

SCIENCE & IMPACT

Mathematical models in microbial
ecology

(A § »



1

Introduction
Why studying the microbiota ?
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Omic data revolution

Microbiology before omic data

® |nsulation
e Culture in vitro
® Functional phenotyping of individuals

Studying a microbial ecosystem = studying individuals = reductio-
nism
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Omic data revolution

0 = WA
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Omic data revolution

Microbiology after omic data

) RS R
GG= Y, =
O BONA

Fragmentation
and direct
sequencing

s




Omic data revolution

Microbiology after omic data

]- Fonction #5

il

Annotation

— — {—— E} Fonction #4

Assembly u
Fonction #1

e E—— Database of

e Fonction #2
! Known genes
Fonction #3

WGS fragments Non-redundant !
Genes Catalogue ——————— Fonction #4

Fonction #5

Annotated
Genes catalogue

Adapted from S.Raguideau’s thesis

Global view of microbial ecosystem = holism/system biology
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Omic data revolution

Microbiology after omic data

#1 #2 #3 #4 #5

I:> Samplel 1 20 13 4 o
Sample2 2 0 3 1 14

WGS fragments in a Alignment of the fragments

metagenomic sample on the gene catalogue Samplen 10 s 3 1 2

Counts matrix: gene
abundances among
samples

Adapted from S.Raguideau’s thesis

Global view of microbial ecosystem = holism/system biology

09/27/2019

S.Labarthe (MIA)




Human gut microbiota

® several thousands of microbial species
® 10 x the number of human cells

® metagenome =150 x the number of
genes of human genomes

S.Labarthe (MIA) Maths n
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Human gut microbiota

® several thousands of microbial species
® 10 x the number of human cells

® metagenome =150 x the number of
genes of human genomes

Microbial ecology

® |nteractions?
® Dysbiosis ? =

e (Colonization?
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Human gut microbiota

® several thousands of microbial species
® 10 x the number of human cells

® metagenome =150 x the number of
genes of human genomes

Microbial ecology 'Axenic/gnotobiotic indivi-

® [nteractions? dual’ revolution
® Dysbiosis ? = Animals grown in insulators
e Colonization ? =-without microbiota

S.Labarthe (MIA) Maths
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Metabolic diseases

Microbiota/metabolic diseases

STOCKAGE DES GRAISSES

® Normal animal fat > axenic
animal fat (40 %)

® Axenic animal 4+ microbiota
=60 % increase of fat
despite feeding reduction

dumicrobiote

=-Microbiota impact on host glu-
A K g cidic and lipidic metabolism regu-
lation

Pour la Science, 01/2015
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Gut/brain axis

Pour la Science, 01/2015
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Stress regulation

® Axenic animal more
susceptible to stress

® Axenic animal + microbiota
=-diminution of stress
behavior, more social
interactions

® For stressful animals :
microbiota replacement
=less stress

=>Microbiota impact on stress re-
gulation. Microbiota also related
to autistic spectrum syndroms

09/27/2019 5/ 26




Immunity

Healthy Post-antibioti
colon pathogen expansion induced colitis

Barrier effect

. ® Pathogen : hack of intestinal

Transmission

R L e regulation mechanisms

3 B
N ik Js
.W }cz_/s Tohmuran

Antibiotics

.
. Typhimurium
2.

® Microbiota involved in
epithelial cell and
inflammation regulation

=-Microbiota offers protection
against pathogens.

Rivera Chavez et al. Mbio 2016
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Immunity

Involvement in im-

>
®

= 5 a0 e munity regulation
; Rheumatic "; disease . .

: g _ ® Microbiota
2 ] Linze # . .

2 g 0 involved in
2 < ; . .

8 g immunity

E = ] el M 1ypet . .

s 3 ™ j diabetes calibration
2 g | 7 stnme during first
ERY B - U S PN A .
= 1950 1960 1970 1980 1990 2000 1950 1960 1970 1980 1990 2000 year‘s of ||fe

Bach, NEJM 2002
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Host /microbiota interactions

‘ Micro-organisms community
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Host /microbiota interactions

Micro-organisms community ‘
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Host /microbiota interactions

‘ Micro-organisms community S

*
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Host /microbiota interactions
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Host /microbiota interactions

Micro-organisms community

Human host
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Host /microbiota interactions
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Host /microbiota interactions
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Host /microbiota interactions

Microbial ecology

® |nteractions?
® Dysbiosis ?

e Colonization ?
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Host /microbiota interactions

Microbial ecology

® |nteractions?
® Dysbiosis ?

e Colonization ?
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Host /microbiota interactions

NN NN NN NN BN BN BN BN BN BN M g,

g .
4

] Micro-organisms community \|
: 1
1
: 1
o s 1
1 Symbiotic 1
: relationship 1
|

|
1
: 1
1 Human host 1
. U

~ X4
4

S s ssEssEssEE--

Microbial ecology
® |nteractions? Modeling bacterial popula-
° Dysbiosis? = tions in their environment

e Colonization ?

S.Labarthe (MIA)

SCIENCE & IMPACT



Mechanistic modeling for
microbiology
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Modeling process

PDE/ODE, PDMP Maths
reaction-diffusion-convexion

:
'
Structured (age, trait...)egs. |
'

Biology
Fluid mecha., pop. dynamics

P S - Mecanistic model L— A priori

i Numerical analysis 6 X=P(X)+ Modellng knowledge
i Finite volume method, ' Data

H parallel computing l

Homogenization o
: Asymptotic analysis Implementation

Meta-modeling

e
Simplification l
— ] A priori
Calibration/inference Modelin o] knowledge
H(X)~Y Data

Interpretat. New outputs

Bayesian inference
FDA/profilling

cee--OR e

Sensitivity analysis
Num. experiments

Numerical
exploration
2, X=P(X|0)
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Modeling process

PDE/ODE, PDMP Maths
reaction-diffusion-convexion

Structured (age, trait...)eqgs.

Fluid mecha., pop. dynamics

P S - Mecanistic model L— A priori

i Numerical analysis R - Modellng knowledge
H—  X=P(X)+e

i Finite volume method, ' Data

parallel computing

Homogenization
i Asymptotic analysis
Meta-modeling

Simplification

Bayesian inference Calibration/inference ; A priori
FDA/profilling H(X)~Y Modeling knolgvalte:ge
Sensitivity analysis Numerical
Num. experiments exploration |nterpretat New outputs
3, X=P(X|0)

cee--OR e
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Model presentation
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Modeling process

PDE/ODE, PDMP
reaction-diffusion-convexion
Structured (age, trait...)egs.
Fluid mecha., pop. dynamics

: Numerical analysis
i Finite volume method,
parallel computing

Homogenization
i Asymptotic analysis

Mecanistic model
0, X=P(X)+e

| |

Implementation

Meta-modeling

Simplification

Bayesian inference
FDA/profilling

Sensitivity analysis
Num. experiments

S.Labarthe (MIA)
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Calibration/inference
H(X)~Y

| |

exploration
2, X=P(X|0)

| B

Numerical

Interpretat.

cee--OR e

A priori
knowledge
Data

A priori
knowledge
Data

New outputs

09/27/2019



Model elements

£y Trophic
) Interactions
4 ) g
29
A+B - C =
zecl| 23
Metabolism g3
Chemuoy
=
o
Poly/monosaccharides| Y
o
scra @ 3
methane @ 3
© »
30
Diffusion I\XT T °3
o=
Transport S8
Peristaltism }
]
Viscosity <,
gradients o
s g :
production ~ g
®
Absorption e i g
Liquid chyme @
influx :
fibres/bacteria |
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Model elements

Trophic
7}‘ Interactions -
v 2
2z
Metabolism g3 Geomet ry
Chemuo(ay -
= OnQ=wxlL
Poly/monosaccharides| g "
scra }. ] g Mixture model.
methane 3
7] - -
s 0 Ic : set of 7 fluid components. ¢; : volume fraction.
Dmusionb\b\ﬁ ] %g
Transport S A A
— ) Orci = Fi(c,s) +div(oV¢;) — div(ujc)
ul
liscosit <
ardns I g Ui = U+ Uchem,is E ¢i =1, E Fi=0
poducion QT | 8 iclc iclc
Absorption et - %.
Liquid chyme & @
foreabactera ‘} y,

S.Labarthe (MIA) 09/27,/2019 13 /26
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Model

Viscosil
gradients.

Mucus
production

Absorption
Liquid chyme
e

fibres/bacteria

Trophic
Interactions

Metabolism

Chemio(axf

Poly/monosaccharides
SCFA

methane

Diffusion [\i ‘Y T

Transport

Peristaltism }
I

anjoqejay  Ananoe
leusyoeg

uonow g,
feneds

I e —m—m,—,

-
—

SoluBYOSN PINid

SCIENCE & IMPACT
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elements

Geometry
OnQ=wxlL

Mixture model.

Ic : set of 7 fluid components. ¢; : volume fraction.
orc; = F,'(C, S) -+ diV(O’VC,') — div(u,-c,-)

Uj = U+ Uchem,i; Zci:]-’ ZFiZO

i€lc i€lc

Bathing solutes.

Is : set of 8 solutes. No volume. &I = Zielc ciu;

Otsj = Gj(c, s) +div(aVs;) — div(iis))

09/27/2019 13 /26




Model elements

A °
v Lo

Metabolism 5 a.
Chemiotaxis =

/ % .

Polymanosaceharides ] g Chemotactic speed

SCFA S
methane }o 5 Keller-Segel model
Dmusion‘\iiT ] g“g’: Uchem,i = vq)’

Transport Sw
3

- 1
Pens(alnsm'j _Ad) = S_I — —/ I’Sj(r)dr, vq) . n — O on 89

Viscosity I |w’ w

gradients
DY:}A(;‘L:;&;N <+
Absorption —‘»

Liquid chyme }

SolueyO8N PINid

influx:
fibres/bacteria
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Model elements

Trophic
Interactions

Metabolism

Chemio(ay

Poly/monosaccharides
SCFA

methane

Diffusion l\i ‘Y T

Chemotactic speed

Keller-Segel model
Uchem,i = Vd),

[eusloeg

\
noqeley  AuAnoe

—A¢:sj—ﬁ/rsj(r)dr, Vé.n=0ondQ

uonow gy
reneds

Transport -
3|
n
L & Vp —div(uD(u)) =0
s, e | § ! :
N g where D(u) = 5(Vu + Vut),

Liquid chyme
influx :
fibres/bacteria

S.Labarthe (MIA)




Model elements

Trophic 9
bm(eracnons ChemotaCtIC Speed

o @
28
Meteotsm g5 Keller-Segel model
Chemio(ay
-2 Uchem,i = Vo,
Poly/monosaccharides s
I3
3
=

&1

—Ad):sj—ﬁ/rsj(r)dr, Vo -7 =0on0Q

uonow gy
reneds

T'jn 3 Stokes equation
Vscosty § Vp —div(u(c)D(u)) =0
=
poiscn @ | 8 w depend on mucus (sigmoid function) and non
o
i liquid phases

Liquid chyme
influx :
fibres/bacteria
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Model elements

Keller-Segel model

Trophic
Interactions

2%
%% Uchem,i = VP,
letabolism .2 5‘ b
Chemiotaxis -
/ § 1
5 —A® =5 —— [ rsi(r)dr, V& .1 =0o0n0Q
SCFA J 3 |w’ w
methane b4

Stokes equation

Vp —div(u(c)D(u)) =0

uonow gy
reneds

o\

Transport

Poly/monosaccharides, ]

Peristaltism }
n . .
Viscosity = Od¢ci = Fi(c, s) + div(e V) — div(ujc;), E ¢ =1, § Fi=0
gradients (=% icic icie
=
e, | &
o
5 . .
e 1| & dIV(U) == E dlV('Uchem,ici)
L chyme @
ux - .
fivesibacteria % ) i€lc
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Model elements

R, roiors Boundary conditions
X o 2P
B4 ® Forcands:
2
Chemiotaxis =
> g (—oVeci+uc) -n="ci
Poly/monosaccharides ] g ] 1 77 - FYC,I
SCFA =3
methane }“‘ F
N i (—oVsj+usj)-n=1s,
Diffusion ﬁ ] gg . . .
|2 SE Physiological influx and mucosal exchanges
pe,.smmsu ~;i. Outflow = transport.
vicosiy I z ® For u:
gradients Qo
=
Mucus (1]
production < g . _
—— . u-n= E Yeis  U+T = Uper or 0
Liqp\;ilch}/me p @ iE/C
e |
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Source function & Model structure

Knowledge based microbiota metabollc model (Mufioz Tamayo 2010)

Transfer type :

Mixture
phases

P Chemical reaction

= = == Volume transfer

7P Gaz deperdition

Processes :
P1 : Mucus degradation

e P2 : Fiber hydrolisis

P3: col

Diffusing solutes

= P4 : Lactate consumption

P5:F

P6:

\ ) A ) A ! | == P7-P10: Bacterial death

= P11-P13: Disolved gaz vaporisation

S.Labarthe (MIA) 09/27/2019




Source function & Model structure

Ecology = Trophic interactions

Knowledge-based microbiota metabolic model (Mufioz Tamayo 2010)

oy
e
2
.EQ C.S.
i5
F,'(C, 5) = ﬂmax,/’jK Ci

3 max.ij T S
é ‘Ia:‘< I I “
g R
T (a0 (o) () ® Volume transfers
pe R L Gy s
2 @) (o) () ® |nihibition by volume

! Il ”. disponibility ¢; =logistic

{CcHy [coy [H, term

S.Labarthe (MIA) 09/27/2019 14 / 26
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Implementation
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Modeling process

PDE/ODE, PDMP
reaction-diffusion-convexion
Structured (age, trait...)eqgs.
Fluid mecha., pop. dynamics

: Numerical analysis i
Finite volume method,
parallel computing

Homogenization
i Asymptotic analysis !

Mecanistic model
3, X=P(X)+e

Implementation

Meta-modeling

Simplification

Bayesian inference
FDA/profilling

Sensitivity analysis
Num. experiments

S.Labarthe (MIA)
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Calibration/inference Modelin g
H(X)~Y Data

A priori
knowledge
Data

A priori
knowledge

Numerical
exploration Interpretat New outputs
2, X=P(X|0) :




Finite volume method

Space discretization : Solution
approximate with piecewise constant
functions on mesh cells

Equation integration on each mesh cell

Flux approximation =-linear system

® Time discretization

S.Labarthe (MIA) 09/27/2019 17 / 26
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Finite volume method

Of —div(eVFf +uf)=F

""""""""""""""" Space discretization : Intregration on €; ;

PP fia fosjn

L . . at/ fdx—/ dlv(JVf—i—uf)dx:/ Fdx
e ! . Qi Qi Qi j
e - ]

SR T T Stokes formula + constant on cell

ArAz&tf,-J—/ (oVFf+uf)-nds = ArAzF;
89,"]'
On 082 4172, if Ujj11/2 20

fij+1— fij
/85'2» oV F o uf) nds = Ar(a% + Uijia/2fif)
Y]

S.Labarthe (MIA) 09/27/2019 17 / 26
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Finite volume method

Otf —div(eVFf 4+ uf)=F

""""""""""""""" Space discretization : Intregration on Q; ;

f 1 qu f 1j
P ; o 8t/ fdx—/ d|v(UVf+uf)dx:/ Fdx
E i1 | i1 : Qi,j Qi,j Qi,j
SRV T T Stokes formula + constant on cell

ArAz@tf,-J—/ (oVf+uf)-nds = ArAzF;
o0
Linear system to be solved at each timejstep

Ocfij + Afij=Fij

S.Labarthe (MIA) 09/27/2019 17 / 26
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Finite

Time integration :

volume method

Ouf — div(oVF + uf) = F

Space discretization : Intregration on Q; ;

at/ de—/
Q Q

Stokes formula 4+ constant on cell

div(oVf + uf )dx :/ Fdx

i i Qj j

ArAz@tﬁJ—/ (oVf+uf)-nds = ArAzF;j
Euler semi-implicit sléjheme

Frt — £

iJ n+l _ 0 p—n+l
A TART =Ry

(14 At(A+ F™ ) £ = £+ AR

S.Labarthe (MIA)
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Simplifications
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Modeling process

PDE/ODE, PDMP Maths
reaction-diffusion-convexion

Structured (age, trait...)eqgs.

Fluid mecha., pop. dynamics
| . . Mecanistic model - A priori
i Numerical analysis . ) Modellng knowledge
H— 8, X=P(X)+e
i Finite volume method, N Data
'

parallel computing

Homogenization
i Asymptotic analysis Implementation
Meta-modeling

Simplification

Bayesian inference Calibration/inference T A priori
FDA/profilling MOeIIng knol:\;\g;a:ge

Sensitivity analysis Numerical
Num. experiments exploration Interpretat New outputs
0, X=P(X|0)

S.Labarthe (MIA) Maths models in microbial eco 09/27/2019 19 / 26
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Asymptotic analysis

¢ Adimensioning : =small parameter ¢ (Ansatz)

e Seek (formal) solution in the form f = fy + ef; + €2f...

® Inject that expression in the equation

¢ |dentify the elements with same power of ¢ =cascade of
simpler equations

® Get fy, f1, ...

® Prove rigorously that ||[f — (fy +€fy +...)|| < Ce in a certain
norm

S.Labarthe (MIA) 09/27/2019 20 / 26
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Asymptotic analysis

aspect ratio ¢ = R/L.
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Asymptotic analysis

Adimensionning the differential operators
| Of . Oruy, %(e@zur + Oruy)
Vef = ( €O, f ) » Delu) = (%(e@zur + 0ruyz) €0, U,

. L 1 . L %ar(erl) + €0, Mo
dive(u) :== ;8r(ru,) + €duy, dive(M) = (%@(f/\/’zl) H 682M22> .

S.Labarthe (MIA) Viaths models crob og 09/27/2019 20 / 26
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Asymptotic analysis

(of _ Orur 2(€0zu, + Oru)
Vef = ( €d,f )7 De(U) = (%(Eazur+8r’-/2) €0, Uy

. 1 ) 18, rMi1) + ed, M
lee(U) = Far(rur) + 662“2) dIVE(M) = (iarErM;ig + 6(92/\/7;2) ’

Stokes system + Keller Seigel

1 Vp— dive(uD(u) = 0
dive(u) = —edive (D fi Y iy Ve(®)))

i€lc  jelcUls

1, 1 !
—dive(Ve®)) == ¢g—2 [ sci(s,z)ds
€ 0

€

S.Labarthe (MIA) 09/27/2019 20 / 26
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Asymptotic analysis

Adimensionning the differential operators

o o, f o O,ru, %(e@zur + Oruy)
VE f — < Gazf ) 9 DG(U) — (%(Eazur +aruz) eazuz

. . 1 . L %8,(!‘/\/’11) + €0, Mq»
dive(u) :== ;ar(rur) + €duy, dive(M) = (%@(szl) M)

Stokes system + Keller Seigel =-spatial decoupling

%VEpfdive(uDe(u)) -0 U: = Uz,s+6U£,1s)+' oy U= Ur,s+€U£,ls)+' -
dive (u) = —edive(z f; Z Xij Ve(®)))
Oip=0= p(r,2) = P(2),
L I G L
- dive(Ve ®)) = . (CJ 2[] scj(s, )ds) %8,(rU,,s) — 0= Ur’s -0

S.Labarthe (MIA) 09/27/2019
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Asymptotic analysis

Adimensionning the differential operators

1
VC f:= ( 8rf ) 5 De(u) = ( afur 2(682Ur + 8ruz))

€0, f %(e@zur + Oruy) €Oy,

. 1 ) 19,(rMy1) + €0, M
dive(u) == 78r(rur) + €0zuz, dive(M) = (iargr/\/]:ig 4 Zaz/\/’;z) ’

Stokes system -+ Keller Seigel =-spatial decoupling

. Ur = UssteUld - Ur = UnsteUfd 4
2 Ve p— dive (uDe(w)) = 0

dive(u) = —edive( S £ Xij Ve(®)) 1
2 T 0.P(2) + L0.(ri0.Uz.) = 0

1 1 1
cel¥ew) = (-2 [ sote, ) 8zUz,s+%ar(rU,(,1s))Z_%f‘?r(fZﬁ 3 (M)

iclc  jelculs

S.Labarthe (MIA) 09/27/2019 20 / 26
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Asymptotic analysis

Adimensionning the differential operators

1
Vef::< Orf ) Dc(u) ;:( Orur 2(eazu,+a,uz))

€0, f 2(e0,ur + Orus,) €0z Uy

: 1 . 10,(rMy1) + €0, M
dive(u) == ;Br(ru,) + €0zuy, dive(M) = (iarErM;g . e@zl\/llz)

Stokes system + Keller Seigel =-spatial decoupling

1 1
O:P(2) - 0(rd, Uz s) = 0 = rpd, Uy s = ~0:P(2)? = Urs = —P(2) / 5ds+Upe,(z)

0ot 0 (U = —20,r > 6 DD (M) :,az/ Uz (2, 1)lr = = 3 (2)

i€lc jelculs

1
0;(rk(2)0:P(2)) = Z Vf, ,0) + BzUpe,, where  k(z) 1= / ri\(r, z)dr
i€lc 0

S.Labarthe (MIA) 09/27/2019 20 / 26
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Simplifications

Explicit formulas

Including all the key features of fluid mechanics :

A
o = — Mr-2) / S 3i(R,5) ds + R Usin + Uper(2) | + Uper(2)
( <l ~ Ne——— N——
b Pumping Inflow Peristaltism Peristaltism
Rheology

1 1
where A(r, z) ::/ mds, k(z) ::/0 riN(r, z)dr

Us,r = —7/56uszszds—2b Z AijTi(r, 2)

i€ly JEILUIs

Peristaltism
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Simplifications

Simplified system

> -1

i€lc
0.0 — %8,(ra(°)8,fi(o)) + dive(us V) + %a,(rﬁ,-f,(")) — F(©)

1
0ec® = ~0,(r099,¢) + - V. ¢ = 6O,

= ( > A,-JTj,o)

i€lsUlc

Ti(r,z) =— <1/0 scj( )(s z)ds — R2/0 J( )(s,z)ds)

r

Speed up ~ 70
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numerical assessment

Assessment of the accuracy of the approximation

Radial distribution of longitudinal speed
200

150
-; -~ Uref,z-25
S 100 — Ua,z-25
g -~ Uref,z-50
& — Ua,z50
£ 50 -~ Uref,z-75
3 — Uaz75
2
S

r(cm)

S.Labarthe (MIA) Maths models in microbia g 09/27/2019 23 /26

"~ SCIENCE & IMPACT



numerical assessment

Assessment of the accuracy of the approximation

Radial distribution of radial speed

1.8
~ S
16} ,/ - i
. /X
7
1.4} S Y
s
— /47 17,
7 2
‘; 1.2 //’/ - - Uref,r-25
jE /4 — Ua,r-25
£ 10f , p
g 4/ - - Uref,r-50
g A/ — Uars50
2 o8l W4 i a,r-
@ A - - Uref,r-75
2 sl I || — vuar7s
4 A
W
V2
/
0.4+ /'/, q
4,
0.2t 7 7
0.0 . . . .
0.0 0.5 1.0 15 2.0 2.5
r(cm)
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numerical assessment

Assessment of the accuracy of the approximation

0.12

Radial distribution of mucus

0.10

0.08

0.06

0.04

Longitudinal speed (cm.day ')

0.02

m_ref-25
m_a-25
m_ref-50
m_a-50
m_ref-75
m_a-75
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numerical assessment

Assessment of the accuracy of the approximation

Radial distribution of bacteria

0.12

B

° b_ref-25
E b_a-25
ks b_ref-50
& b_a-50
2 b_ref-75
3 b_a-75
2

s
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6

Numerical exploration
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Modeling process

PDE/ODE, PDMP Maths
reaction-diffusion-convexion

Structured (age, trait...)eqgs.

Fluid mecha., pop. dynamics

P S - Mecanistic model L— A priori

i Numerical analysis N - Modellng knowledge
P 8, X=P(X)+e

i Finite volume method, ' Data

parallel computing

Homogenization
i Asymptotic analysis Implementation
Meta-modeling

Simplification

Bayesian inference Calibration/inference ; A priori
FDA/profilling Modeling knol:\’ngte:ge
Sensitivity analysis Numerical
Num. experiments exploration Interpretat New outputs
o, X=P(X|0)

cee--OR e
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Sensitivity analysis

® Experimental plan : define a discrete exploration of the
parameter space (6;)i € /

e Construction of the model response : for each parameter
set §; =model run

e Compute sensitivity criteria : Sobol Index, PRCC,...

_ Var(E(B(2)9))
(2= BR)

where B(z Z R2/ rci(r, z)

i€lg
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Sensitivity analysis

(B)

1.00
075
0.50
0.8 — El

Per / Chem 5
§ 0.6 - LE) 0.00

L ) O
E 04 Fibre & -025
-0.50

0.2 H
=0.75
0.0 + =vrsc I I I el
4 43 Z[cm] 83 122
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