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most existing methods used for gene regulatory network modeling are dedicated to inference of steady sta@
networks, which are prevalent over all time instants. However, gene interactions evolve over time. Information

about the gene interactions in different stages of the life cycle of a cell or an organism is of high importance for

biology. In the statistical graphical models literature one can find a number of methods for network modelling

while the study of time varying networks is rather recent. Using synthetic time series dataset for a gene network,

we show that a sequential Monte Carlo method, namely Particle Filtering method is capable of tracking gene

expression data and infer time-varying networks online.
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Gene expression data over time

Model
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Gene networks over time

Phosphoprotein signalling network embrionic Brosaphils Melahoaaeter dusig
method: least-squares regression +

statistic:al hypc-)thesis testing (t.-test) life cycle (1863 genes) Data : DREAM 4, Cha"enge 2

method: Kalman filter+LASSO
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« Subnetwork (10 genes) from transcriptional regulatory networks

of S. cerevisiae.

« Data are generated from known network topologies.
« Perturbation applied - the mRNA production of several genes is

"slightly" perturbed at once.

l Perturbation is applied
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Gene expression data

l Perturbation is removed

Particle Filtering or Results
Sequential Monte Carlo Method -'For 2 genes network:
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Perturbation is removed
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