AW O

S L

Mathematical modeling of
adipocyte size distribution

LCQB

Chloe Audebert

8 Nov. 2024 Chloe Audebert 1



What are adipocytes ?

Cells that store energy as fat

C Q) ;. Lipid droplet
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Thanks to Hedi Soula for the data. Soula et al. JTB 2015
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Lipid fluxes

Cells that store energy as fat

Size dynamics
Lipogenesis: influx, triglycerides are intracellularly stored
Lipolysis: exflux, excretion in form of glycerol and non-esterified fatty acids
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Tissue dynamics

Macrophages

Hypertrophy Hyperplasia /
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Dysfunction

Cells that store energy as fat

Size dynamics
Lipogenesis: influx, triglycerides are intracellularly stored
Lipolysis: exflux, excretion in form of glycerol and non-esterified fatty acids

~ 10% adipocytes are renewed annually Soula et al. JTB 2013
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* Extracellular matrix remodeling
* Inability to store fatty acids
fat depots in muscle and liver
promotes insulin resistance 0.008 |
* Tissue inflammation 0.006 |
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Mathematical modeling of cell size distribution

(0 f(t,7) + O, (v(r, L(t)) f(t, 7)) — DO f(t,r) =0

 ——— 4 P
== [ W) - Ve 6,0 T

< Tmin

”(Tfmint L(f))f(f r’miﬂ) _ Dﬁ?f(f T’min) =0
L,U(TTTLCLI? L(t))f(t: Fmaz) — Dar'f(t: Pmaz) = 0

f(t, r): cell density at time ¢ of radius r
L(t): extracelullar amount of lipid

Based on the model of Soula et al. JTB 2013
Giacobbi et al. JTB 2024
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Mathematical modeling of cell size distribution

(0, f(t,7) + O (v(r, L(t)) f(t, 7)) — DO f(t,r) =0

 A—— 4 o)
L =A= [0 = Ve 6, T

< Tmin

“(Tfmint L(f))f(f r’min) _ Darf(f T’miﬂ) =0
k“(rﬂlﬂ-ﬂ?? L(t))f(t: Trnan) — Dar'f(t: Pmaz) = 0

f(t, r): cell density at time ¢ of radius r
L(t): extracelullar amount of lipid

Total amount of lipid 4 is assumed constant

Number of cells is assumed constant

{'}.‘W L(t) p3 T/:' . 2 V(T‘) - Vem
by : L 1 — = = — - j ‘T i
1 (T_ ( )) 47]_ L(f) + K pd + ']"d 4?1..?,2 (.( + YT )V(T) _ I/:e:'n -+ WX
|\ SOl _/
Y Y
lipogenesis lipolysis

Based on the model of Soula et al. JTB 2013
Giacobbi et al. JTB 2024
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Mathematical modeling of cell size distribution

(0, f(t,r) + O, (v(r, L(t)) f(t, 7)) — DI f(t,r) =0
L(t)= A~ / " V) = Vo) (8 )

LT -F

U(Tmins L(t)) f(t, Pmin) — DOy f(t, Trnin) = 0
k“(rma-:rt L(t)) f(t;rmaz) — DOy f(t, "maz) = 0

f(r) : stationary cell density at time ¢ of radius r

L7(t) : stationary extracelullar amount of lipid

YWrelfl, =) = . : exp (/ ii.‘(.‘s. Lx)d:;)

max = 1 D
/, eXp ([ 53(5 Ll)d@) dr S rmin

[® — ,x—[ V() = Vo) FO(r )4”’ dr

V3

fixed point problem: resolution based on Powell hybrid method (Python)

Powell, M. J. D. (1970) Nonlinear Algebraic Equations. Gordon and Breach.
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Parameter identifiability

- . —_ .tte L p‘i 1‘[ e, | 1f('i) o "’fm
f).;-f(-’) T ( L +.l“i. + ’ o _E“Dr'_g(-_j +- Y1 )lr( N ,,“ i 1.)

. Amr?
L = . [ rm)f(r) 1-{2 dr

6 parameters to identify

The model is simplified: L is now a parameter

( 1
fir) 2@?1(?")“::")
1
"mazx exp (/ . dﬁ)
< / Alridr= 1 () = 1
v(r) : B i(ﬁ n ,Wg) V(r) — Ven /;mm exp (frmmﬁg( )nfh) e
\ Ar L p3 +r3  Adgr2V Vi(r) — Vem + V

Giacobbi et al. JTB 2024
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Parameter identifiability

’ p’ Vi

=== = - 3 3
kfu(r) A L ,(J‘)’ + 73 4are (B+7%)

V(T) T Vf:'m
V(r) = Vem + V

Re-parameterized : 1y = f, xo =1,

ol 47D
0= ——— Oy = 0>, 03 = Vyy and 0, =
1 B(L+ k)’ 2= 0,03 ¢X and Yy V.5
( dTl 1 6' 1 1—|—%T% %ﬂ-{rg_%m
ey Y 1 3 ui5]
) dr 94 l‘l’;_g T% %ﬂ.’rg—ﬂme(?g
d.’]’)g oy B
N dr

Giacobbi et al. JTB 2024
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Parameter identifiability

Re-parameterized : 1y = f, x9 =1,

al Am D
0= ——— o= 0>, 82 = Vyx and 04 =
1 B(L+ k) 2=0,03 eX 4 Vi3
( d-.’l?i 1 6' 1 l+ %T% %ﬂ:}:g o V:zm
SR mm T 1 = = I
J dr 04 1+ % 12 %ﬂ':ﬂ% — Von + 63
O_r-.’ITQ
e e
"\ dr

SIAN algorithm: combines differential algebra, Taylor series approaches

Structural identifiability Toolbox of Maple
Hong H., et al. (2019) Bioinformatics
Hong H., et al. (2020) Communications on pure and applied mathematics
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Parameter identifiability

Re-parameterized : 1y = f, x9 =1,

alL An D
0= —— By = 0>, 62 = Vyx and 6, =
1 B(L+ k) 2=0,03 eX 4 Vi3
( d-.’l?i 1 6' 1 l+ %T% %ﬂ:}:g o V:zm
SR mm T 1 = = I
) dr 64 1+ % x5 2mx3 — Ve, + 63
o R
\dr

SIAN algorithm: combines differential algebra, Taylor series approaches

All quantities ¢ are identifiable al
B(L+ k)

D, p? x

Structural identifiability Toolbox of Maple
Hong H., et al. (2019) Bioinformatics
Hong H., et al. (2020) Communications on pure and applied mathematics
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Parameter ide

ntifiability

Re-parameterized : 1y = f, x9 =1,

alL An D
0= —— By = 0>, 62 = Vyx and 6, =
1 B(L+ k) 2=0,03 eX 4 Vi3
( d-.’l?i 1 6' 1 l+ %T% %ﬂ:}:g o V:zm
SR mm T 1 = = I
) dr 64 1+ % x5 2mx3 — Ve, + 63
o R
\dr

SIAN algorithm: combines differential al

gebra, Taylor series approaches

All quantities ¢ are identifiable

IL 3

Structural identifiability Toolbox of Maple
Hong H., et al. (2019) Bioinformatics

" D
. « .
BL ) P X

Hong H., et al. (2020) Communications on pure and applied mathematics
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Parameter estimation ?

Covariance Matrix Adaptation Estimation Strategy (CMA-ES)

N

£00) =~ log(f(r.,0))

i=1

Synthetic data: generated with the model

10,000 samples 10,000 samples
1200 samples = 10 pym samples = 10 ym
1000
1000
£ £ 800 A
c I
@ 800 o
o o
o} &
= = 600
8 600 - &
[ w
g T 400
400 +
200 4 200 A
0- T T T T T 0 - T T T T T T T
0 20 40 60 80 100 1] 20 40 60 80 100 120 140
radius (um) radius (um)

Hansen N, The CMA Evolution Strategy : A Tutorial, arXiv, 2016.
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Parameter estimation ?

Covariance Matrix Adaptation Estimation Strategy (CMA-ES)

£(0) = = log(f (1:,6))

param. order true esti. value std rel. err. esti. value std rel. err.
Synthetic data set 1 10,000 samples — £ (8) = 4.20 Samples > 10 pm — L, (8) =4.26

&, 10-3 9.60 9.61 11078 0.1% 9.62 21078 0.2%
P 107 1.50 1.50 11078 0.0% 1.49 21078 0.7%
6, 103 2.18 217 5107% 0.5% 2.09 21077 4.1%
8, 10-3 7.37 7.20 21077 2.3% 7.35 41077 0.3%
Synthetic data set 2 10,000 samples — £, (0) = 4.18 Samples > 10 pm - £, (8) =4.54

g, 1073 9.92 9.92 11078 0.0% 9.91 11077 0.1%
P 102 2.00 2.00 11078 0.0% 2.01 51078 0.5%
0, 10 3.27 3.12 21077 4.6% 5.39 4107° 65%
6, 1072 1.11 1.12 21078 0.9% 1.12 11077 0.9%

Hansen N, The CMA Evolution Strategy : A Tutorial, arXiv, 2016.
Giacobbi et al. JTB 2024.
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Parameter estimation — how confident ?

Parameters are taken in the interval +/- 20% estimated value

Kept when L(f)< 0.1% of the selected one (similar to ABC method)

Giacobbi et al. JTB 2024
8 Nov. 2024 Chloe Audebert 16



Parameter estimation — how confident ?

Parameters are taken in the interval +/- 20% estimated value

Kept when

L(#)< 0.1% of the selected one (similar to ABC method)

synthetic data set 1

10, 000 samples

samples > 10pm

parameter order true | esti. value esti. £20% select. values | esti. value esti. 220% select. values
0, 107%  9.60 | 9.61 7.69 - 11.53 9.58 - 9.63 | 9.62 7.70 - 11.54 9.59 - 9.65
P 102 1.50 | 1.50 11.20 - 1.80 1.47 - 1.53| | 1.49 1.19 - 1.79 1.46 - 1.52
05 102 2.18 | 2.17 1.74 - 2.60 2.05-2.29 | 2.09 1.67 - 2.51 1.91 - 2.29
0, 1073 7.37]7.20 0.76 - 8.64 6.54 - 8.02 | 7.35 5.88 - 8.82 6.58 - 8.32

synthetic data set 2 10, 000 samples samples > 10pum

parameter order true | esti. value esti. £20% select. values | esti. value esti. £20% select. values
01 1073 9.92 ] 9.92 7.94 - 11.90 9.90 - 9.95 | 9.91 7.92 - 11.89 9.86 - 9.95
P 102 2.00 | 2.00 1.60 - 2.40 1.97 - 2.03 | 2.01 1.61 - 2.41 1.99 - 2.05
05 103 3.27 | 3.12 249 -3.74 2.69 - 3.58 | 5.39 14.31 - 6.47 4.32 - 6.47 |
0, 1072 1.11 | 1.12 0.90 - 1.34 1.05-1.21 | 1.12 0.90 - 1.34 0.98 - 1.28

Giacobbi et al. JTB 2024
8 Nov. 2024

Chloe Audebert
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Parameter estimation — how confident ?

Parameters are taken in the interval +/- 20% estimated value

Kept when L(f)< 0.1% of the selected one (similar to ABC method)

8 Nov. 2024

6, sampling

p sampling
-=-- estimated density ——- estimated density
0.081 M synthetic data 0.08 7 :‘1 synthetic data
i area of selected densities H area of selected densities
I L
Finl [N 2 3 \
G 0064 1 20061 '\
c ] [= 1
a 1 L] 1
o \ b=l \
@ 1 @ 1
w0044 | §0047
& \ B \
\ \
0.02 1 \ 0.02 \
\ - \ -,
Mo .t - S i i
_____ “h- BIEREEE ““"‘-—.
0.00 r r . . == r 0.00 T r . : == -
20 40 60 80 100 120 20 40 60 80 100 120
63 sampling 84 sampling
0.10 0.10
=== estimated density === estimated density
synthetic data : synthetic data
0.08 1 ﬁl area of selected densities 0.08 ~ H area of selected densities
P : 1 = R
% I} % el
g0064 11 £ 0064 I}
- 1 b=} 1
u 1 [} 1
N \ N |
2 0.044 1 2 0.04 4 1
T 1 T A
vl 1 o \
\ \
0.02 1 ‘\ 0.02 4 \\
\\ ------ Mo e——
I SO a1l ‘-.-."“"'-.. B uril B ~—
0.00 . : . : Sy : 0.00 : . : e R -
20 40 60 80 100 120 20 40 60 80 100 120
radius (um) radius (um)
Chloe Audebert
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Parameter estimation — how confident ?

Parameters are taken in the interval +/- 20% estimated value

Kept when L(f)< 0.1% of the selected one (similar to ABC method)

8 Nov. 2024

6; sampling

p sampling
=== estimated density === estimated density
0.020 1 synthetic data e 0.0204 synthetic data .
area of selected densities Yailln area of selected densities rig %
/ A ’ A
2 0.015 / % £ 0.015 ¥ %
c ! v = ! 1
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- 1 'J' \\ 'z : ,f \‘
@ 1
N 0104 | g ) No.0104 1 L A
- 1 ,’ = = :’ A
o 1 4 A u 1 4 %
1 ’ \ | ’ \
00054 } s % 0.0051 | /7 N
1 ,t, \\ i ’/’ \\
‘\\ ‘‘‘‘‘ i oy, ‘\~. _____ - %
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65 sampling 64 sampling
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0.020 synthetic data L 0029 synthetic data ).}
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! ) ’ \
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Y f A 1) I A
- 1 I A = ] / A
[ 1 ! A L 1 f )
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Chloe Audebert
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Model and data comparison

32 Wistar rats — DO of experiment

parameter mean std CV (std/mean)
0, 9.6 103 2.8 10 0.03
0, 1.57 102 0.25 1072 0.16
0, 2.24 103 1.07 103 0.47
0, 8.21 103 2.58 103 0.31
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Model and data comparison

Difficult to conclude on the biological processes ... But

al dnD
6 = ————, 0, = p°, 63 = Vyy and 0, =
1 B(L+ k) 2=0,03 eX 4 Vi3
Ve L) PP Ve o2y V(1) = Vem
v(r, L(t)) = ~ Trr2 (3 +‘2) 7

4 L(f) + K 1.’)3 + r3 'T‘) — Vem + VTE'X .

Large L: estimation of alpha (0.29-0.31) same order to gamma (0.27)
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Model and data comparison

Difficult to conclude on the biological processes ... But

v L AnD
th = a— 0> = p°, 63 = Vyx and 64 = ﬂ,f
JJ’(L + Hﬁ) \ ) Vi3

alVey L(t p° Ve . ;
ofr,L(t)) = 2 LD - B

4 L(f) + K 1.’)3 + r3 V(T) — Vem + VTE'X .

Large L: estimation of alpha (0.29-0.31) same order to gamma (0.27)

For radius > 27 pym lipolysis mainly a surface based mechanism
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Intra-cell variability — Indiv. Based Model

Alois Dauger
(PhD : 2023 -, Nutriomics-LJLL, Sorbonne University)

Hedi Soula
(Nutriomics, Sorbonne University)
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Intra-cell variability — Indiv. Based Model

Individual based model — one ODE = one cell

( d{; L o .
@ S — (B +vir 5 =4 L) forie{l...N
- = lL+KIp o (Bi +vir ) " fo. (i, L) fori € { !

L =L~ Z ti= Lo - Z V(r)
i=1 i=1

Compute the steady state of the system of ODEs (10 000 cells)
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Intra-cell variability — Indiv. Based Model

Individual based model — one ODE = one cell
dfi _ L p.:l o) fi _ )
= = a1’ 7 (Bj+y,~ri)€'+ - = fo (ri, L) fori e {1... N}

v N i i
L =Liu-),b=Lu= ) V0
i=1 i=1

50

02¢
050
1o
— mean
—_ 0125
[
=
.E; 1 B
E e
8 a
=l e
=
—_
£
=

0.050
0.025
o L

0 20 0 60 80 100 0 20 40 60, 80 100 120 140
radius (in pm) radius (in pm)
02eg |
0.50
1o
= — mean
. o
T
=
g 3 E ;
=l
= 21 =
—_
X
‘*-f 0 /—1/\
a
\ 0.008 4
ir] 0.000
0 20 40 &0 80 100 0 20 40 60 80 100 120 140
radius (in pm) radius (in um)
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Intra-cell variability — Indiv. Based Model

The cumulative histogram of cells with different combination of parameters
The histogram summaries 7910 x 5000 = 3.955 x 107 cells size

0.10

0.08

0.06

Density

0.04-

0.021

0.00— , : A

0 25 50 5 100 145 150 145
radius (in um)
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Intra-cell variability — Indiv. Based Model

Comparison model — data for 3 species : mini pig, rat and human

0.045
o o pig data o ratdata o human data

—— model 00257 O —— model —— model

0.020 1

0.025

90054 &L X0 |  oo010q

radius pm

Dauger A., Soula H. Audebert C. Adipocyte size distribution: mathematical model of a tissue property. Submitted.
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Positive growth — PDE model

Magali Ribot
(Institute Denis Poisson, Orléans University)

Hedi Soula
(Nutriomics, Sorbonne University)

Romain Yvinec
(INRAE Nouzilly, Inria team MUSCA)
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Positive growth — PDE model

PDE model — includes recruitment of adipocytes and death

Oru + % (V(r)u) = —ou

V(T:r'n,in)u(tr Tm,z"n,) —. )
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Positive growth — PDE model

0.0150 -

0.0125 4

0.0100 A

0.0075 -

0.0050 A

0.0025 +

0.0000 -

PDE model — includes recruitment of adipocytes and death

Opu + % (V(r)u) = —ou

V(T:r'n,in)u(t} Tm,z"n,) —.

— Model 0.016 -
Data

/ 0.014 4
/ 0.012

J 0.010
0.008 -
0.006 -

0.004 -

150 200 250 300

SIO 1(IJ .
diameters pm

8 Nov. 2024

Chloe Audebert

\ \ | .
N
\\_ 0.002 A >
N
e 0.000 A

—— Model
Data
|
PUgld "
K/ R
N
\r_,f
SIO 16(% 1.':':0 2(I)0 25;0 3(IJO
lameters um
30



Include fibrosis — PDE model

Aleksandra Tomaszek
(PhD : 2023 -, LILL-LCQB, Sorbonne University)

Laurent Boudin
(LJLL, Sorbonne University)
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Include fibrosis — PDE model

PDE model — includes recruitment of adipocytes and fibrosis
— change velocity

fIl'li—:l.X )
k) = :
L 1) 1+ exp(t —7) )
1
(1) = (am — Sm)m(t) — Bpm(t)
dp

5 = (ap — 0p)p(2) + Bpmi(t) — vap(t),

dya(t,r) + 0, ['u (T,L(t), j{r((%) a(t,r)] = g (?1 j{r((?)) albi)s

+00 2
L(t) =X — / (i;‘[zl (r° —r3. a(t,r)dr.
v (Tmin: L(t): %) Oﬂ(t, Tmin) — 'Yap(t)
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Include fibrosis — PDE model

PDE model — includes recruitment of adipocytes and fibrosis
— change velocity

fmax
b) = :
( 1 |
%(” — ((me - 5Tﬁu)m(t) - [:?pm(t),
L C :
dp |

5 = (ap — 0p)p(2) + Bpmi(t) — vap(t),

dya(t,r) + 0, ['u (T,L(t), j{r((%) a(t,r)] = g (?1 j{r((?)) albi)s

+00 2
L(t) =X — / (i;‘[zl (r° —r3. a(t,r)dr.
v (Tmin: L(t): %) Oﬂ(t, Tmin) — 'Yap(t)
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Include fibrosis — PDE model

PDE model — includes recruitment of adipocytes and fibrosis
— change velocity

fl’]'].a.X
t) = :

1) 1+ exp(t —7)

]

%(t) — (Ofm — 5Trl)m(t) o [:'fpm(t),

C
S dp
L = (ap — 8, )p(t) + Bpm(t) — (1),

dya(t,r) + 0, ['u (T,L(t), j{r((%) a(t,r)] = g (?1 j{r((?)) albi)s

+00 2
L(t) =X — / (i;‘[zl (r° —r3. a(t,r)dr.
v (Tmin: L(t): %) Oﬂ(t, Tmin) — 'Yap(t)
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Include fibrosis — PDE model

PDE model — includes recruitment of adipocytes and fibrosis
— change velocity

= fl’l’li—:l.X
1) = 1+exp(t—17)
(ii—T(t) — ((me - 5Trl)m(t) - [:'fpm(t),
dp

= = (ap — 8,)p(t) + Bom(t) — vap(t), ,‘
: dpalt.r) + 0, [,U (T} L(t), j{r((’;))) a(t,r)] = —d (,n j{r i?)) ﬂ(’*ﬂ“)’:

| T (47r)?
Lit) = A— Z_(p3 — 3. Nalt.r)dr.
®=x- [ gy = (e

J o (Tmin:L(t)a %) a(T; Pin) =Vap(L) /

A
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Sorbonne Univ.
Anne-Sophie Giacobbi (LCQB, post-doc) — now in Curie working with A. Ballesta
Alois Dauger (Nutriomics-LJLL, PhD)
Aleksandra Tomaszek (LJLL-LCQB, PhD)
Hedi Soula (Nutriomics)
Laurent Boudin (LJLL)

Institut Denis Poisson, Orléan Univ.
Léo Meyer (PhD) — now in Wien working with Sara Merino Aceituno
Magali Ribot

INRAE, Tours Univ.
Romain Yvinec
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