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Introduction

• Gene expression is the process by which its DNA is transcripted
and then translated into proteins. The protein produced by a gene
can impact the transcription of the other genes.

• We consider a cell Xt = (X1,t , · · · ,Xn,t) evolving in the gene
expression space: for each gene i , Xi ,t = (mi , pi )t .



Introduction

• Differentiation is a stochastic process: we consider that the
variability stems from transcriptional level, by the regulatory
effects of proteins on the transcription of the other genes.

• The evolution of a cell depends on its Gene Regulatory
Network (GRN):

Figure: GRN example - the toggle-switch



Inference from expression data

• Non-parametric methods: We do not make hypothesis on the
nature of gene regulation, just for deducing information from data:

→ Correlation coefficients, Information theoretic score (mutual
information), Tree-based ensemble method...

• Parametric methods: We make hypothesis on a theoretic
procedure that explains the data from a set of parameters Θ:

→ Statistical model, Deterministic dynamical model, Boolean
networks, Stochastic dynamical model...



Examples of models for n measurements (M1, · · · ,Mn)

• Example of parametric statistical model:
Every Mi ∼ P(Yi ), where the Poissonian noise is due to the
measure, Yi being the ”real” mRNA concentration verifying
Yi ∼ Γ(α, β).
Θ = (α, β).

→ It remains difficult to give a meaning to the parameters !



Examples of models for n measurements (M1, · · · ,Mn)

• Example of parametric stochastic dynamical model:
Every Mi is a realization of the system verifying on every small
interval [t, t +∆t]:

M(t +∆t) = M(t)− d∆tM(t) + s1E(a)>∆t
.

Θ = (d , s, a) = (degradation, creation intensity, creation frequency).

→ We need to analyse the model for interpreting the observations.

• Remark: If the data are not time-stamped, we have to assume
that they correspond to samples of of the model after a long-time.
If not, we have to know the initial conditions!
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Stochastic Two States Model in a bursty regime
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Models distribution for one gene

• The hybrid model is analytically tractable for constant
parameters: its stationary distribution is a Gamma distribution.



GRN and jumps rate functions

• The GRN is characterized by a matrix Θ ∈ Mn(R) which
appears in the model through the choice of the functions
kθon,i (P).

kθon,i (P) = k0,i + (k1,i − k0,i )σ
θ
i (P),

where σθ
i (P) =

(
1 + exp

(
−βi −

∑n
j=1 θijPj

))−1
.

=⇒ ∀i = 1, · · · , n :


Mi (t)

kθon,i(P(t))−−−−−−→ Mi (t) + E
(
koff ,i

sm,i

)
,

M ′
i (t) = −dm,iMi (t),

P ′
i (t) = sp,iMi (t)− dp,iPi (t).



Analogy with neural network

When the function kon,Θ is sigmoidal, the activity of a gene can be
compared as controlled by a neuron.



Existing strategy for inferring such model

• From simulations ∼ Model selection (Koshkin et al. 2021):

→Main limitations: Difficulty for comparing stochastic
realizations, time consuming when there are many genes !

• From distributions ∼ Maximum likelihood (Herbach et al.
2017):

→Main limitation: the model is too complex for the distribution
to be explicitly known with respect to θ, especially in the
non-stationary state !
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Simplified model (temporarily)

• We consider a simplified model by skipping mRNA:

∀i = 1, · · · , n :

Pi (t)
kθ
on,i (P(t))

−−−−−−→ Pi (t) + E (ci ) ,

P ′
i (t) = −diPi (t),

where we define ci =
koff ,idm,i

sm,i sp,i
.

• In that case we can consider that: Mi |P ∼ Γ(
kθ
on,i (P)

dm
,
koff ,i

sm
).



Deterministic approximation

• We introduce a scaling factor ε characterizing the relative
velocity of promoters switches in regard to protein dynamics:

ε =
d̄

k̄
,

• scaling factor ∼ noise coefficient

If ε ≪ 1, we derive a deterministic limit:

P̄ ′(t) =
koff dm
smsp

kθon
(
P̄(t)

)
− dpP̄(t),

→ P̄ ′(t) = F θ
(
P̄(t)

)
.



Deterministic limit of a toggle-switch network



Stochastic trajectories of a toggle-switch

=⇒ The main behaviour of a cell is described by the transitions
between the basins, which are seen as cell types.



Metastability

Figure: Waddington’s epigenetic landscape is a metaphor for how gene
regulation modulates development.



Phenomenological model

• We derive a phenomenological model which approximates the
PDMP system by considering the independence of genes
knowing a basin:

The main idea consists in approximating within each basin z :

kon,i (P) ≃ kon,i (Pz) = kz,i .



Mixture approximation

• The stationary distribution is a Gamma mixture :

u ∼
∑
z∈Z

µz

g∏
i=1

Gamma

(
kz,i
d1,i

,
koff ,idm,i

sm,i sp,i

)
.

• So inferring this Gamma-mixture from the data gives access to
the kz , which appear as the modes of the functions kon,i .



Analogy with neural network, bis

When the function kon,Θ is sigmoidal, knowing the mode kz for
each cell allow to see inference as the learning of a perceptron.



The algorithm in practice

1. Clustering step: From a data set X , we cluster the data in m
basins corresponding to m frequency modes for the promoters
kZ = (kz)z∈Z . We denote zP the basin associated to a cell P.

2. Regression step: Find the GRN

θ∗ = argmin
θ

R(θ,X ) + λ|θ − θ0|,

where R(θ,X ) =
∑
P∈X

||kθon(P)− kzP ||22.



Extension to scRNA-seq data

1. Clustering step: From a scRNA-seq data set Y , we cluster
the data in m basins corresponding to m frequency modes for
the promoters αZ = ( kz

dm
)z∈Z .

2. Regression step: Find the GRN

θ∗ = argmin
θ

R(θ,Y ) + λ|θ − θ0|,

where R(θ,Y ) =
∑

M∈Y
||kθon(αzM )− αzM ||22.



Extension to timestamped data



Simulated data for benchmark



Results on tree-like networks



Results on real dataset (with U.Herbach, on ES cells
induced by retinoic acid)
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Propagation by waves of the signal
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Marginals



Package available on gitbio !



Conclusion

An approach using metastability We used a combination of
supervised clustering and regressions for reverse-engineering a
mechanistic model. The result is an executable GRN model able to
reproduce an experimental dataset while allowing biological
interpretability.

- Ventre. Reverse engineering of a mechanistic model of gene
expression using metastability and temporal dynamics. In Silico
Biology (2021).
- Ventre, Herbach et al. One model fits all: combining inference
and simulation of gene regulatory networks. bioRxiv (2022).
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