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For the geeks, and admin, around here.
Gene Regulatory Networks, qu'es aquo*?
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One particular important goal
of Systems Biology:

Impacts may range from agronomy to medicine...
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This figure looks crazy ... but ...
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TARGET: Transient Assay Reporting Genome-wide Effects of Transcription factors

the concept
Adapted from Sablowski and Meyerowitz Cell, Vol. 92, 93-103, January 9, 1998

Bargmann et al. Mol Plant 2013
Para et al. PNAS 2014
Medici et al. Nature Commun 2015
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this figure looks crazy ... but ...
it is possibly close to reality (connection-wise)

-We have many ways to experimentally
probe connections in GRNs (ie:Chip-Seq,TARGET, eY1H):

TARGET: One particular TF may control ~100 to 400 genes.

Knowing that ~1800-2000 TFs in Arabidopsis...

... in average a gene is controlled by

~6 to 40 TFs.
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Machine learning and Experimental
procedures converge
towards the same gpnclusions
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One particular important goal
of Systems Biology:
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Project- We use these parameters to simulate large
‘eukaryotic-like’ GRNs

Fast Randomizing Algorithm for Network
Knowledge
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Poses fundamental/mathematical questions
concerning network stability and more...

Carré et al, npj Systems Biology & App (2017)



The Formalism = FRANK’s gut is simple though highly scalable
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“biological” constrains = Mathematical challenges.

1) Chose Number of TF and TA (potentially big 104)

2) Number of connections by Gene (TF or TA)

3) Scale-Free properties (Connection degree follow a power law)
4) Generated gene expression is following “normal distribution”
5) The network as to generate stable gene expression.
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(a) Random network (b) Scale-free network

Carré et al, npj Systems Biology & App (2017)



FRANK DATA Affy DATA (Kay lab) Real data
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100 TF and 1000 TA
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Supervised

| Machine learning
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Learning a 100 TF, 1000 TA GRN with SVM
(Machine Learning Algorithm).

True Positives : False Positives :
% unknown non-zero values % unknown zero values
well predicted predicted as non-zero

Carré et al, npj Systems Biology & App (2017)



Different Prior Structure
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Carré et al, npj Systems Biology & App (2017)



TA oriented prior knowledge is predicted to be superior to supervise

SVM machine learning procedures as compared to TF oriented
techniques
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Carré et al, npj Systems Biology & App (2017)



This is probably why ;)

Network (N) Inferred Network (IN”)
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Carré et al, npj Systems Biology & App (2017)



Reviewers asked for proof on real data
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* This may contains true network
connections not uncovered yet in the current
version (9.3) of the E.coli Network.

And it works!!!

Somehow demonstrating that we
are in the good path.

Carré et al, npj Systems Biology & App (2017)
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Many more conclusions about biological system simulation and
predictions.

-Gene expression dynamics...
-Learning resilient to noise...

All the math tricks fully detailed in the paper.

A useful algorithm available at : WwWw. m2sb. org

Carré et al, npj Systems Biology & App (2017)
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