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Gene regulatory network (GRN)
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GRN of E. coli
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GRN inference from bulk expression data
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Inference principles

- Connect “similar’ genes
- Co-expression, correlation, mutual information...

- Causal inference
- Bayesian network, causal networks...

- Sparse regression
- Random forests, lasso..



Example: co-expression inference

Application: E coli regulatory network : 154 TF targeting 1164 genes
through 3293 regulations
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Steady-state hypothesis

@ The dynamic equation of the mRNA concentration of a gene is of

the form:
o _,

dt

where R represent the set of concentrations of transcription
factors that regulate X.

@ At steady state, dX/dt =0 = f(X, R)
@ If we linearize f(X, R) = 0 we get linear relation of the form

X=> BiX

(X, R)

@ This suggests to look for transcription factors whose expression is
sufficient to explain the expression of X across different
experiments.



GRN inference by sparse regression

@ Treat each target in turn

@ Let Y the expression of a target, and Xj, ..., X, the expression of
all TFs. We look for a model

p
Y = Z BiX; + noise

=]

where [ is sparse, i.e., only a few 3; are non-zero
@ Examples:
e GENIE: feature selection by random forest (Huynh-Thu et al., 2010)
e Feature selection by Lasso + stability selection (Haury et al., 2011)

@ Both methods were ranked 1st and 2nd (out of 28) at the
DREAMS in silico network inference challenge
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From bulk to single-cell

Inspired from slides of A. Regev



Steady-state?
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Pseudo-time
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From steady-state to dynamical model

dX/dt = A*X
- Given cells (X_i, t i) fori=1,...,N
- X_i vector of expression

- t_iinferred pseudo-time

- How to infer a sparse model A?



SCODE (Matsumoto et al 2017)
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- Hard to solve (nonconvex...)
- Sensitive to noise for large pseudo-time



GRISLI (Aubin and V., 2018)

- Solve instead

- / 2
min ZHXt,- _AXtiH2
AEM(R) =
- Pro:
- easy to solve (convex, sparse regression)
- Not sensitive to outliers for large t
- Cons

- Need to infer velocity v_i=X"_ti of each cell



Velocity inference
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Validation (AUC)
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Velocity inference
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Data integration

Measurements
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Integration of single-cell data is challenging
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Learning a shared “representation”
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MMD-MA

New Results

Jointly embedding multiple single-cell omics measurements

Jie Liu, Yuanhao Huang, Ritambhara Singh, Jean-Philippe Vert, ' William Stafford Noble

doi: https://doi.org/10.1101/644310
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Alignment of single cell expression and methylation
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Methods (2016)



Conclusion: many opportunities and challenges!

Single-Cell Multiomics:
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