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Phosphoprotein signalling network
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Drosophila Melanogaster during 
life cycle (1863 genes)

method: Kalman filter+LASSO

Gene interaction network 
changes over time!

𝑥𝑖,𝑡 = 𝑎𝑖1,𝑡 ∙ 𝑥1,𝑡−1 + 𝑎𝑖2,𝑡 ∙ 𝑥2,𝑡−1 +⋯+ 𝑎𝑖𝐼,𝑡 ∙ 𝑥𝐼,𝑡−1 + 𝜂𝑡,

𝑖 = 1,… , 𝐼; 𝐼 − 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠,
(1)

𝑎𝑖𝑗,𝑡 = 𝑎𝑖𝑗,𝑡−1 + 𝜈𝑡
(2)

𝑥 𝑡 = 𝑥1 𝑡 𝑥2 𝑡 … 𝑥𝑁 (𝑡)
𝑇

𝑎𝑖𝑗 (𝑡) = 𝑎11, … , 𝑎1𝑁; 𝑎21, … , 𝑎2𝑁; … 𝑎𝑁1…𝑎𝑁𝑁
𝑇

Model

We have time series of expression data for N genes and want to estimate N-by-N

coefficients 𝑎𝑖𝑗 which model the regulatory relations among various genes:

Multivariate linear regression model relating the expression value of each gene at a
given time to the gene expression values of the previous time instant:

gene expression values -

regulatory coefficients -

Explicitly in a vector form

Data: DREAM 4, challenge 2

• 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.

Perturbation is applied

Perturbation is removed
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𝑥1,𝑡
𝑥2,𝑡
…
𝑥𝐼,𝑡

=

𝑎11,𝑡 𝑎12,𝑡 ⋯ 𝑎1𝐼,𝑡
𝑎21,𝑡 𝑎22,𝑡 ⋯ 𝑎2𝐼,𝑡
⋮ ⋮ ⋱ ⋮
𝑎𝐼1,𝑡 𝑎𝐼2,𝑡 ⋯ 𝑎𝐼𝐼,𝑡

𝑥1,𝑡−1
𝑥2,𝑡−1
…
𝑥𝐼,𝑡−1

+

𝜂1,𝑡
𝜂2,𝑡
…
𝜂𝐼,𝑡

(3)

Most existing methods used for gene regulatory network modeling are dedicated to inference of steady state
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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Results

𝑎𝑖𝑗 (𝑡) =

𝑎11, … , 𝑎1𝑁

𝑎21, … , 𝑎2𝑁

……………

𝑎𝑁1, … , 𝑎𝑁𝑁

10-by-10 matrix of coefficients 𝑎𝑖𝑗 :

𝒂𝟏𝟏 𝒂𝟏𝟐

𝒂𝟐𝟏 𝒂𝟐𝟐

A histogram of estimated values
of coefficients 𝑎𝑖𝑗 at T = 201:

𝐭𝐢𝐦𝐞 𝐬𝐭𝐞𝐩
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- For 2 genes network:

𝑎𝑖𝑗 (𝑡) =
𝑎11 𝑎12

𝑎21 𝑎22

2-by-2 matrix of coefficients 𝑎𝑖𝑗 : Residuals between synthetic
gene expression data, 𝒙𝒐𝒃𝒔, and
estimated by Particle Filter, 𝒙𝒆𝒔𝒕:

- For 10 genes network:
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𝐭𝐢𝐦𝐞 𝐬𝐭𝐞𝐩

Time varying network structure

Filtering is a problem of sequentially

estimating the states (parameters or

hidden variables) of a system as a set of

observations become available on-line.

State equation 𝑝 𝑥𝑡 𝑥𝑡−1
(1st order Markov process):

Observation equation: 𝑝 𝑦𝑡 𝑥𝑡 𝑦𝑡 = 𝐻 ∗ 𝑥𝑡 + 𝜎𝑡

𝑥𝑡 = 𝐹 ∗ 𝑥𝑡−1 + 𝑣𝑡

• Initialization: Draw N samples 𝑥0
(𝑛)

from the prior

𝑥0
(𝑛)
~𝑝(𝑥0 )

and set 𝑤0
(𝑛)

=1/N.

• Prediction: Draw N new samples 𝑥𝑡+1
(𝑛)

from importance distributions

𝑥𝑡+1
(𝑛)
~𝑞 𝑥𝑡+1 𝑥𝑡

(𝑛)
, 𝑦𝑡+1

• Update: Calculate new weights according to 

𝑤𝑡+1
(𝑛)
~ 𝑤𝑡
(𝑛)
∙
𝑝 𝑦𝑡+1 𝑥𝑡+1

(𝑛)
𝑝 𝑥𝑡+1

(𝑛)
𝑥𝑡
(𝑛)

𝑞 𝑥𝑡+1
(𝑛)
𝑥𝑡
(𝑛)
, 𝑦𝑡+1

• A convenient choise for proposal density:

𝑞 𝑥𝑡+1
(𝑛)
𝑥𝑡
(𝑛)
, 𝑦𝑡+1 ~𝑝 𝑥𝑡+1

(𝑛)
𝑥𝑡
(𝑛)

𝑤𝑡+1
(𝑛)
~ 𝑤𝑡
(𝑛)
∙ 𝑝 𝑦𝑡+1 𝑥𝑡+1

(𝑛)

Algorithm

n = 1…N – number of particles
[𝑥(𝑛)

0
, 𝑤(𝑛)0 = 1/𝑁]

[𝑥(𝑛)
𝑡−1
, 𝑤(𝑛)𝑡−1]

If 𝑁𝑒𝑓𝑓 =
1

 𝑛(𝑤
(𝑛)
)2
< 𝑡𝑟𝑒𝑠ℎ𝑜𝑙𝑑 →

𝐫𝐞𝐬𝐚𝐦𝐩𝐥𝐢𝐧𝐠

[𝑥(𝑛)
𝑡
, 𝑤(𝑛)𝑡 = 1/𝑁]

[𝑥(𝑛)
𝑡
, 𝑤(𝑛)𝑡]

𝑝 𝑥𝑡 𝑥𝑡−1 - state equation

• Weighted particle presentation (𝑥(𝑛), 𝑤(𝑛))

of the posterior distribution:

𝑝 𝑥 = 

𝑖

𝑤 𝑛 𝛿 𝑥 − 𝑥 𝑛

• Approximate Bayesian optimal filtering

equations with sequencial importance

sampling.

Particle Filtering or 
Sequential Monte Carlo Method 

self-repression and 

no expression of a gene in adjacent time epochs

expression and 
repression activities of one gene to another at adjacent 
time epochs

self-expression,


