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Current advanced molecular biology techniques provide gene expression
(mRNA) levels of selected genes of an organism. In such aggregate, the
mRNA level of one gene is mediated by the presence of speci�c proteins
and metabolites produced by other genes. Gene Regulatory Networks
(GRNs) include such structures, where a node (gene) is linked to others
through gene-gene interactions.
The developed algorithm is a new state-of-the-art process to infer GRNs,
i.e. to �nd the gene-gene relationships from experimental mRNA levels.
Knowledge of such interactions and so having possibility to act and
control genes is important in biotech and pharmaceutical industries. 

Process
Collect experimental steady-states and/or time series data
from the target network to infer (gene expression levels).A.
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Infer the topology (gene-gene interactions) of the
target regulatory network from experimental datasets. B.

In the biological case, target networks are unknown. Therefore in silico
benchmarks are used to assess e�ciency of the algorithm.

Target Datasets

Reverse Engineering

Predicted Network

Sigmoid gene model

Results

»   mRNA levels are described by a system of N coupled di�erential equa-
 tions (N genes). System hard to solve if N large ! (dimension ~ N  )

»   Idea: Divide the system into N independent equations of dim ~ N. Sys-
 tem solved “gene-by-gene” (N incoming interactions to �nd per gene)

»   Multiple optimizations of each gene and selection of the best one(s).
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»   Goal: Find genes that generate the same data as the target ones. Use Covariance
 Matrix Adaptation - Evolution Strategy (CMA-ES) to generate the gene’s parameters.
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Selected publications

   »   The present Reverse Engineering Algorithm allows the use of nonlinear gene
       models when a great number of existing algorithms use linear ones.

»   Genes in biological networks have nonlinear behaviours. Here we use a sig-
  moid model to approximate the variations of mRNA levels for each gene.

   σ : sigmoidal activation function  σ(y) = 1 / (1 + e-y)
  xi : expression level of gene i
 wij : regulatory in�uence of gene j on gene i
mi , bi , λi : max. transcription rate, bias, and decay rate of gene i 

dx i

dt
= m i · σ

j

wij j + bi - λi x ix

»   Reverse engineering of an in silico 5-genes regulatory network
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»   Algorithm identi�es successfully

   presences and
   inhibitory and excitatory types

    of the 6 gene-gene interactions of the target regulatory network.

    »   1 false positive interaction is found.
          Indeed, if the problem is underdetermined (not enough input data), there
            exist several di�erent networks that produce identical, output data. 

        »   Present algorithm needs only about one minute to infer 5-genes networks
           when others take 6-8 hours.

           »   Current application of this new algorithm to a 50-genes network given
              as challenge during the second DREAM conference (New York, 2007).
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Predicted gene simulation
Predicted GRN simulation
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