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How understanding microbial community functioning ?

INRAZ

25e Forum des jeunes mathématiciennes et mathématiciens 26-28 nov. 2025 Talence 1/23




Context : How Understanding microbial community functioning ?
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Context : How Understanding microbial community functioning ?

m Developing a mathematical inference method based on metabolic networks.

m |nferring metabolic fluxes by integrating multi-omics data.
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Context : How Understanding microbial community functioning ?

m Developing a mathematical inference method based on metabolic networks.

m |nferring metabolic fluxes by integrating multi-omics data.

Population count data Metabolomics data Metatranscriptomic data Microbial Community

BiologicaLljior ﬂx) \é@}?@/

Biology
Inform Interpretation

= Inference
INRAZ N Problem
Metabolic network
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Biology-informed inference from multi-omics data

m Estimating the contribution of each microorganism to the community.
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Biology-informed inference from multi-omics data

m Estimating the contribution of each microorganism to the community.

m Reconstructing internal fluxes of individual micro-organisms.

INRAZ

25e Forum des jeunes mathématiciennes et mathématiciens 26-28 nov. 2025 Talence 4/23




cMFA for community models

’ Internal

_ MFA metabolite
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a. Gerken Starepravo, M. et al. (2022). Digital
Chemical Engineering
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cMFA for community models

’ Internal
metabolite

Biomass

Internal External
reaction metabolite

N_b=1,N.m~3
N_r=2500 High-dimensional
N_r>>N_m Highly-underdetermined

INRAZ

25e Forum des jeunes mathématiciennes et mathématiciens 26-28 nov. 2025 Talence

5/23



cMFA for community models
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cMFA for community models

. Internal

_ MFA metabolite
Externall N
metabolite

Biomass

(P

Internal External
reaction metabolite
INRAZ

25e Forum des jeunes mathématiciennes et mathématiciens 26-28

nov. 2025 Talence

Rs : Rate of substrate consumption
Rp: Rate of production
Rb: growth rate of biomass

5/23



cMFA for community models
. MFA Rs : Rate of substrate consumption
< Rp: Rate of production

R
‘ Internal . \ Rb: growth rate of biomass
MFA metabolite .

External 4,
%
metabolite

Internal Irzrﬁfggglliteo Nm= 3*N_b
reaction N_r=2500*N_b High-dimensional
N_r e>>>N_m Highly-underdetermined
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cMFA for community models
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_ MEA metabolite
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Rs : Rate of substrate consumption
. cMFA Rp: Rate of production

Rb: growth rate of biomass
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cMFA for community models

’ Internal

_ MFA metabolite
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Rs : Rate of substrate consumption
. cMFA Rp: Rate of production

Rb: growth rate of biomass
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Meta_transcriptomic L{ata inclusion
p(t) :=argmin 3 [Rme— > XAPWUB + AR(AY)

Yt meM beB
_ sb) ., _p (1)
subject to : c® < b) < Cr(nb;,,)x for b=1---,N,

Inclusion by Penalization \

e.g: Ct(b) — f (Crb(t)) = (max(Crb) + min(CP) — Crb(t)) =w®

t

with CP = ‘

re Ry following?

max Tb
st)(r) : the weight associated with reaction r , which is small if the reaction
is activated and high if it is deactivated.

f : is the mapping function : transcript of reaction r to weight
T : trancript level

a. Jenior, M.L. et al. (2020). PLoS Comput. Biol., 16, €1007099.
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Application : Simulated data and Real data

Benchmark for Robustness of the method : Differents steps

we Simulated data.
1. Explore different types of interactions.

2. Benchmark noise levels

3. Test different community sizes (2-56)
m Real data.
1. TANGO data
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Benchmark method

dFBA L
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pseudo-transcriptomic data
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Generate synthetic population,

Benchmark method
dFBA L
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Benchmark method

dFBA

Generate synthetic population,
metabolomic, and
pseudo-transcriptomic data

Noise

Simulate experimental
replicates

Spline

Data smoothing
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Benchmark method
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Benchmark method

dFBA

Generate synthetic population,
metabolomic, and
pseudo-transcriptomic data
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Simulated data
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1. Different Interactions
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1. Three Biological Cases of Two-Species Communities

Competition Co-production Cross-feeding

®

Bacteria (g oWl
Badteria ta OWIL

Figure — Synthetic data for cMFA benchmark. the different cases of increasingly complex
ecological interactions are sketched
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1. Three Biological Cases of Two-Species Communities
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2. Data noise for replication

- Noise percent in data

Drinai(t) = max (0, Darga(t) x (1 +€(t))), with , €(t) ~ N(0,0?)

o = qop, where op =1
q € {[1%, 5%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, 100%]} are used
for the data noise benchmark
For each noise level, we replicated the whole benchmark pipeline (i.e. data noising,
pre-processing with spline-smoothing and cMFA inference) n = 7 times,

dFBA ground truth, Noisy data and Spline smoothing dFBA ground truth, Noisy data and Spline smoothing

oncentration [mmol/L]
oncentration [mmol/L]

Time h]

1% 50% 100%
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R? - Coefficient of Determination

2. Data noise for replication

Competition Co-production

Cross-feeding

—— Mean R? (Internal)

Confidence interval 95% (internal)
—— Mean R? (Exchange)
Confidence interval 95% (exchange)
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R? - Coefficient of Determination

Concantration (mmatL1

2. Data noise for replication
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3. Large Community Benchmark

Figure — Large size community of : a) Variance Same strain, b)Variance Different strain
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3. Large Community Benchmark

Internal fluxes cMFA vs dFBA

o

-02 o 02
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Figure — Variance within same strain group : 56 organisms (2 guild of 28).
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Figure — Variance across different strain
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Real data
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Community of three microorganisms

Freudenreichii

Plantarum

Figuiesz Community of three microorganisms involved in cheese fermentation and maturation
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Smoothing spline of metabolites and organisms data
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Exchange_Fluxes

Results of inference

Exchange_Fluxes reos

0.004

0.002 4

0.000 4

—0.002 4

—0.004 4

—0.006 4

Line Type
— Spline
=== MFA

Bacteria
/ ® freudenreichii
® lactis

® plantarum

Metabolites
Lactate

Propionate
Acetate

Citrate

INRAZo 200 400 600 800 1000 1200

Exchange_Fluxes

1.0

0.8

0.6

Growth [g/g.h]

o
IS

0.2

0.0

25e Forum des jeunes mathématiciennes et mathématiciens 26-28 nov. 2025 Talence

20/23



Exchange_Fluxes

Results of inference

TPR=0.93, FPR=0.28, TNR=0.72
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Conclusion
We present a Statistical inference method informed by biology : cMFA

Work Completed Advantages

. . . » i
w Explore different interaction types ™ Robust to noise

m Robust to variations in metabolic

m Benchmark noise levels )
import rates

w Handle incomplete metatranscriptomic data )
m Robust for exchange rate inference

with both high- and low-quality
e Test different community sizes (2—56) metatranscriptomic data.

w \ary metabolic import rates

" Missing metabolites w Scalable to large communities

Disadvantages

m |nternal flux inference is less robust when metatranscriptomic data is of lower
quality.

INRAZ
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Perspectives

Application on real data

m Synthetic communities produced by colleagues at the Institut de Recherche en
Horticulture et Semences (IRHS) in Angers

m 48 microorganisms of Vitae Project

Software deployment

m Facilitation of utilisation by making on package
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Preprocessing : improving solver convergence

Vectorization Renormalization and Dimensionless

so that after renormalization, the dimensionless problem becomes

l,)t —=arg rr;ln Hkt — Btﬁtug + )\”WtﬂtH]_
t

. 35, =0 (2)
subject to : < - ~
Vmin < Ut < Umax
1 > -1 ~ -1
Rt—O'l Rt7 Bt:O']_t Bt0'2t’ Vtzaz V¢
= - 1 . 1
S = 50_2m Vmin = 02, Vmin;  Vmax = 02, Vmax; Bivy = Z Xive
beBm

This renormalization harmonizes the scales reactions fluxes (exchange & internal)

~—NRAT
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Grid Search : distribution des normes L2 par A
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L1 morm normalisée
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3. Incomplete meta-transcriptomic data

Classification according fluxes and transcripts Exchange_Fluxes TPR=0.55, FPR=0.19, TNR=!
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Figure — Incomplete meta-transcriptomic information
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Grid Search : distribution des normes L2 par A

-+ 10 -k 0
-t doke o1
- 0 j*
- 13 ;o 13
. t4 ! &
- 5 e
- 15 j ks
- P b 4
== Hoyenne OB} N ! e Moyenne Sparse
—— Best A Obj = 0.05298316906283713 i —— Best A Sparse = 35622.47890262451
— Final Best A = 9.236708571873846.
1.0
_ 0
o 60 2
Qos I
~ @
- —
@ hu}
£ o
06
s E
= 40 5
=
0.4
0.2 20
N
0.0 i;__:_~ \i_:_.. 3
7 ubek et S ub Jofaf S (. Sy T B
A== 0

1077 10-° 102 107t 10t 10% 10°
Lambda (A)



L1 morm normalisée
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Benchmark for Robustness of the method : metabolic import rates

G I1trinsic Flux

C(b) =max | v m
in — intr: T A ~— A,
min At . ZbEBm Xb

Vintr € [~50,—45, —40, —35, —30, —25, —20]

reference value vj,; = —30

Performances

Co-production

R? - Coefficient of Determination

[E———m

/”’/—\

—— Mean R2 (Internal)

Confidence interval 95% (internal)
—— Mean R? (Exchange)

Confidence interval 95% (exchange)

o i R "o
values of Bound

m Good estimation of exchange fluxes

m Good estimation of internal fluxes
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Large Community : Different strain

200
2.0
= lscg
Sis 3
= g
E] Bactera  ~8 Metaboltes 1005
‘s 1.0 © Ecoligga  ® galactose £
H Ecoliga6  ® xylose 3
805 dgcose 50 8
@ o. ]
=
0
00 ® Ecoliga6 @ ethanol
® Ecoliga @ alanine
4 6 8
. Organism
g MSE:0.2574 ool gsa s
R%0.84 o Ecoli gxa_6
6 o Ecoligv_6
= o Ecolimv 6
£ 4 o Ecoligve 6
2 Ecoli_gae_6
° 2 ® Ecoliga6
£ o Ecoligav
g ° -y
< -2
o
s
-6 - 2
P

0 5
dFBA [mmol/g.h]

CMFA§ [mmol/g.h]

Simulated dFBA VS cMFA § Exchange Fluxes

MSE: 2.4216
RE:0.74

Substrates

P

o 50

FBA y [mmolig.h]

Products

Crossfed_Substrat€sossfed_Products



Meta_transcriptomic data inclusion

=argmin 3 [|Rme — > XPWELE 4 AR(v)
Vi meM beBm
sy, ) — g (3)

subject to : {

for b=1--- N,

clb) <) < )

‘

Te0(r) =

F(TP(n)

T(r) = 1 0 (r)

C(b) — E‘(b) T(b) < I/(b) < C(b) _ C(b) 7~t b

min

Aﬁ"’ :Activate of baceria b at time t.
(_'.',(:,-2, and C{b) are nominal constraints
for internal reactions.

T®), is a boolean vector indicating if the
expression of the corresponding reaction

R(v) := R(Tv)
’Tt(b)(r) : the linear coefficient of ponde-
ration associated with reaction r , which
is small if the reaction is activated and
high if it is deactivated.
f : is the mapping function : transcript of
reaction r to linear coefficient
T : trancript level




Synthetic Metatranscriptomic Data Generation

T(r) = 1, (r) where AP = {r e R||W2(t)] > 10715}

vP(t) := value of the reaction flux r for bacteria b

p
Penalization

Let M be mappings from flux to f=CoM where C, /\f R" —>f€

transcript and C mapping of transcript T, == M(v ) 11+ erifl 2
to a coefficient.

C= G) — G) — C
vP(t) fluxes values in the model in (m?;( =) = min(G) = &)
response to gene expression levels. G = rT reRp

max Tp
b
TO(r) = F(P() T, : trancript level

where f is defined as the composition

. Futes FBA C = Vapping  wggme- Normalizaion =~ Linear Coef
of two functions, C, M .




Preprocessing and Rescaling

Penalization + Transcriptomic data

p(t) ==argmin 3 [Rme— > APWEUE + AR(Tv)
& meM beBm
s) . ) —g

SUbJeCt to : { C,(Tsz, < I/(b) < CmaX7

(b) for b=1,'~~
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Preprocessing and Rescaling

Penalization + Transcriptomic data

p(t) ==argmin 3 [Rme— > APWEUE + AR(Tv)
& meM beBm
s) . ) —g

(b) for b=1,'~~,Nb

SUbJeCt to : { C,(Tsz, < I/(b) < CmaX7

Vt >0, »(t) :=argmin||R: — Bive||3 + AR(Tvr)

vt
5 sVt =0
Vmin SVt < VUmax

subject to : {

with
Vmin = Cminﬂa Vmax = Cmaxﬂ; Bivy = § Xive
beBm




Benchmark for Robustness of the method : Incomplete meta-transcriptomic data

Penalization

1 1
Tr=MEl)=—— — =
Let B be adding biais function in 1+erlwl 2
generated flux C = (max(G) — min(G) — &)
where f is defined as the composition _ I reR
of three functions, C, M,B . * " max Tp b
f=CoMoB where C,M:R"—R" Tr:trancript level
Fluxes FBA = Mapping L Normalization =3 Linear Coef

Ryan J. Tibshirani, Carnegie Mellon University : The Lasso Problem and Unique-

ness
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Tools and methods : Approximation to data by Splines

B-splines are piecewise polynomials defined as linear combinations of spline basis
elements. These spline base elements are themselves linear combinations of the usual
monomials 1, x,x2,..,x%. Let S : [a, b] — R a spline,

a=t)<t...< ti—1 < ti... <t,=b

n—1
Sk(x) =D Bike(x)- Py x €[t tjsa]
=0

P; form a polygon called the control polygon,

B «,+ are B-spline basis functions of degree k and nodes t = (ty, ..., ty).
L 1 si t; <x < tiv1
Bjo(x) = { 0 else

Moving a control point only locally modifies the shape of the curve.

X —t tivpal — X
Bjk(x) := t_i_Jt,Bj,k—l(X) + %Bﬂ—l,k—l(x)
j+k T itk+1 — Lj41

INRAZ



Conclusion

We present a Statistical inference method informed by biology : cMFA

Implementation
® Python

Cobrapy
° PYGAM
e OSQP

Perspectives
® Incomplete information in Network
® Real data

INRAZ



Context : How Understanding microbial community functioning ?

m Developing a mathematical inference method based on metabolic networks.

m |nferring metabolic fluxes by integrating multi-omics data.

INRAZ



Context : How Understanding microbial community functioning ?

m Developing a mathematical inference method based on metabolic networks.

m |nferring metabolic fluxes by integrating multi-omics data.

Generation of
Sequence reconstruction Assign functions to genes metabolic network
sequencing annotation
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Context : How Understanding microbial community functioning ?

m Developing a mathematical inference method based on metabolic networks.

m |nferring metabolic fluxes by integrating multi-omics data.

Population count data Metaholomics data Metatranscriptomic data Microbial Community
\ / modelling
Biological Prior ﬁX)

e Biology
SO Inform Interpretation
= R R Inference
el )
INRAG Problem

Metabolic network



3. Incomplete meta-transcriptomic data

— Active reaction (Positive)
---»>Inactive reaction (negative)
—)False Positive

) False Negative

INRAZ Figure — Incomplete meta-transcriptomic information



3. Incomplete meta-transcriptomic data

Co-production Co-production

*\/JV

—— Mean R? (Internal)
Confidence interval 95% (internal)
—— Mean R? (Exchange)

- Coefficient of Determination

e« Confidence interval 95% (exchange)
00 o 02 03 04 05 3 00 01 02 03 [ 05 06
Proportion of false negative Proportion of false positif reactions
Performances

Difficulty

m Sensitivity to the quality of
metatranscriptomic data

m Good estimation of exchange fluxes

m Good estimation of internal fluxes

when proportion < 10 %
INRAZ



Context : Complexity of natural microbial communities
Growth Stimulation (Phytohormone Production)

Fertilisation (nitrogene fixation)

Protection (Pathogen resistence)

Phyllosphere

Rhizosphere /gp'y \,‘ Time




Context : Complexity of natural microbial communities

&

Phyllosphere

Exchange / )
7 agd 3




Context : Complexity of natural microbial communities

Phyllosphere \ W

Exchange / )
\




Context : Complexity of natural microbial communities

Denitrification

N, (dinitrogen)
s in the atmosphere
4?‘\0
&

Absosption of
N, in animals

Nitrifying

Nitrification

£ Scioacafacks -
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Method : Consumer-resource , Contraint Based

Consumer-resource

8tb,' = V,'(M, b)b,’
ath = Zi l/,',j(M, b)b,

2 bj Concentration of microorganisms i
& M; Concentration of metabolites j
2 v; Growth rate of the microorganism i

& vj j Rate of consumption or production of metabolite j by
microorganism i

Advantages and disadvantages

£Z Integrates population count and
metabolomic data

il

INRAZ
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Method : Consumer-resource , Contraint Based

Consumer-resource

8tb,' = V,'(M, b)b,’
ath = Zi l/,',j(M, b)b,

2 bj Concentration of microorganisms i
& M; Concentration of metabolites j
2 v; Growth rate of the microorganism i

& vj j Rate of consumption or production of metabolite j by
microorganism i

Advantages and disadvantages

£Z Integrates population count and
metabolomic data

&7 Low calculation costs

il
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Method : Consumer-resource , Contraint Based

Consumer-resource N [ Advantages and disadvantages

O:bi = vi(M, b)b; £Z Integrates population count and
OM; =3 vii(M,b)b; metabolomic data
/2 Low calculation costs

2 b; Concentration of microorganisms i

& M; Concentration of metabolites j g A Does not take

2 v; Growth rate of the microorganism i metatra nscriptomic data into

& vj j Rate of consumption or production of metabolite j by

microorganism i acc t
\ s —

il

INRAZ
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Dynamic Flux Balance Analysis

dFBA
Advantages and disadvantages

Ocbi = BUi(M, b)b; /7 Integrates population count,
OeM; = 3ice 0ij(M, b)bi metabolomic data and

. metatranscriptomic
U; = arg max By;

S.C

Vﬂ(m

INRAZ
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Dynamic Flux Balance Analysis

dFBA
Advantages and disadvantages

Otb; = Bii(M, b)b; /7 Integrates population count,

M = Yjcc ij(M, b)b; metabolomic data and
metatranscriptomic

@ A Very high computing
resources

Vﬂ(m

U; = arg max By;

S.C
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Dynamic Flux Balance Analysis

deb; = Bii(M, b)b;
OeM; = Y icc Vi j(M, b)b;

U; = arg max By;

S.C

Advantages and disadvantages

(2 Integrates population count,
metabolomic data and
metatranscriptomic

@ A Very high computing
resources

2 /N Does not adapt to large
@ unities
(e

INRAZ

Mahadevan et A/

2002 Rinnhve<ical loiirnal



Find o = (W, -,

(M)} such that

Methods : Metabolic Flux Analysis
MFA

N\

Advantages and Limitations
(2 Precisely quantifies metabolite
b = arg min — Z IR — XtVtHz +AR(Y) fluxes in a metabolic network
=
Siv;
Cum
s.c 0<
—Cna

INRAZ
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Methods : Metabolic Flux Analysis

MFA

Find o = (V(“1)7 . ’V(7vt)) el e Advantages and Limitations

(2 Precisely quantifies metabolite
b = arg min — Z IR — XtVtHz +AR(Y) fluxes in a metabolic network
=

2 N\ No application to
community models

S.C

Siv;
Cum
0

<
—Cge

INRAZ

Gerken Starepravo et al., 2022, Digit. Chem. Eng.



Methods : Metabolic Flux Analysis

MFA 8
Find o = (W, -+, (M) such that Advantages and Limitations
. (2 Precisely quantifies metabolite
1 t . .
D — arg min - Z IR — XtVtHz +AR(Y) fluxes in a metabolic network
tio1 2 /A No application to
. community models
5,'1/,' =0
Cu<5<0 27 A\ No application with
¢ 0 < 2P < Crax metatranscriptomic data
_Cmax S
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