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Biology-informed inference from multi-omics data

Context :
l Developing a mathematical inference method based on metabolic networks.
l Inferring metabolic fluxes by integrating multi-omics data.
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Workflow : metabolic network creation

S =



rA rB r1 r2 r3 rD
A 1 0 −2 0 0 0
B 0 1 −1 0 0 0
C 0 0 1 −1 −1 0
D 0 0 0 1 0 −1
E 0 0 0 0 1 0

 Sν = 0
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Multi-omics data

Figure – Differents types of multi-omics data
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Biology-informed inference from multi-omics data

Objectives :

l Estimating the contribution of each microorganism to the community.
l Reconstructing internal fluxes of individual micro-organisms.
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Meta transcriptomic data inclusion

ν̂(t) := arg min
νt

∑
m∈M

∥Rm,t −
∑

b∈Bm

X (b)
t ν

(b)
m,t∥2

2 + λR(ν)

subject to :
{

S(b) · ν(b) = 0
C (b)

min ≤ ν(b) ≤ C (b)
max ,

for b = 1, · · · , Nb

(1)

Inclusion by Penalization

T (b)
t (r) = f (T (b)

t (r))

R := R(T ν)

T (b)
t (r) : the linear coefficient of ponderation 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
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Benchmark method
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Benchmark method
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Synthetic Metatranscriptomic Data Generation

Linear coefficient

T (b)
t (r) = f (r) ∀r ∈ A(b)

t where A(b)
t = {r ∈ Rb |

∣∣∣Fb
r (t)

∣∣∣ > 10−15}

T (b)
t 7→ f

(
Fb

r (t)
)

:=
(
max(Cb

r ) − min(Cb
r ) − Cb

r

)
(2)

with Cb
r = Fb

r
max Fb

r
r ∈ Rb

T (b)
t : linear coefficient

Fb
r (t) := value of bacterial reaction flux r in response to gene expression levels.

Rb := set of reactions of the microorganism b

Fluxes FBA Mapping                                            Coefficient
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Preprocessing : Rescaling

Penalization + Transcriptomic data

ν̂(t) := arg min
νt

∑
m∈M

∥Rm,t −
∑

b∈Bm

X (b)
t ν

(b)
m,t∥2

2 + λR(T ν)

subject to :
{

S(b) · ν(b) = 0
ν

(b)
min ≤ ν(b) ≤ ν

(b)
max ,

for b = 1, · · · , Nb

(3)

Vectorization + promotion of sparsity

∀t ≥ 0, ν̂(t) := arg min
νt

∥Rt − Btνt∥2
2 + λ∥T νt∥1

subject to :
{

S · νt = 0
νmin ≤ νt ≤ νmax

(4)

with Btνt =
∑

b∈Bm

Xtνt
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Preprocessing : improving solver convergence

Renormalization and Dimensionless

σ−1
1t = 1

Rt
, σ2t = Rt

Bt

so that after renormalization, the dimensionless problem becomes

ν̂t = arg min
ν̃t

∥R̃t − B̃t ν̃t∥2
2 + λ∥ν̃t∥1

subject to :
{

S̃ ν̃t = 0
ν̃min ≤ ν̃t ≤ ν̃max

(5)

R̃t = σ−1
1t Rt , B̃t = σ−1

1t Btσ2t , ν̃t = σ−1
2t νt

S̃ = Sσ2t , ν̃min = σ−1
2t νmin, ν̃max = σ−1

2t νmax

This renormalization harmonizes the scales of fluxes, particularly for external ex-
change reactions
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Application : Benchmark Results for Two-Species Communities in Three Biological Cases

Figure – Synthetic data for cMFA benchmark. the different cases of increasingly complex
ecological interactions are sketched
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Application : Benchmark Results for Two-Species Communities in Three Biological Cases
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Benchmark for Robustness of the method : Different Interactions
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Benchmark for Robustness of the method : Data noise for replication

Noise percent in data

Dfinal(t) = max (0, DdFBA(t) × (1 + ϵ(t))) , with , ϵ(t) ∼ N (0, σ2)

σ = qσb, where σb = 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,
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Benchmark for Robustness of the method : Data noise for replication
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Benchmark for Robustness of the method : Data noise for replication
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Benchmark for Robustness of the method : Incomplete meta-transcriptomic data
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Figure – Incomplete meta-transcriptomic information
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Synthetic Metatranscriptomic Data Generation

False Negative and False Positive

B(b)
t ⊆ A(b)

t

B
(
Fb

r (t)
)

:= 0 if r ∈ B(b)
t

B(b)
t ⊆ I(b)

t

B
(
Fb

r (t)
)

:= T (b)
t (r) if r ∈ A(b)

t

B = : Biais function Ib := inactive reactions of microorganism b

Fluxes FBA                                                                                                                                            Biais                                                        Mapping                                                        Coefficient
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Benchmark for Robustness of the method : Incomplete meta-transcriptomic data
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Benchmark for Robustness of the method : metabolic import rates

Intrinsic Flux
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Benchmark for Robustness of the method : Large Community Benchmark
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Figure – Same strain
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Conclusion
We present a Statistical inference method informed by biology : cMFA

Synthetic Data
➠ Simulate data with dynamic FBA
➠ Add noise to create replicates
➠ Smooth the noisy trajectories
➠ Generate metatranscriptomic data

Work Completed
➠ Explore different interaction types
➠ Benchmark noise levels
➠ Handle incomplete metatranscriptomic data
➠ Vary metabolic import rates
➠ Test different community sizes (4–56)

Advantages
➠ Robust to noise
➠ Robust to variations in metabolic

import rates
➠ Robust for exchange-rate inference

with or without metatranscriptomic
data

➠ Scalable to large communities

Disadvantages
➠ Internal-flux inference less robust when

metatranscriptomic data are absent
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