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ABSTRACT

This paper considers the problem of inferring gene regula-

tory networks using time series data. A nonlinear model is

assumed for the gene expression profiles, whereas the mi-

croarray data follows a linear Gaussian model. A particle

filter based approach is proposed to estimate the gene expres-

sion profiles and the parameters are estimated online using

Kalman filter. In order to capture the inherent sparsity of

the gene networks, LASSO based least square optimzation

is performed. The performance of the proposed algorithm is

compared with the extended Kalman filter (EKF) algorithm

using Mean Square Error (MSE) as the fidelity criterion. The

simulations are performed using the synthetic as well as real

data and the proposed algorithm is observed to outperform the

EKF in the scenarios considered.

Index Terms— Gene regulatory network, particle filter,

Kalman filter, parameter estimation, LASSO.

1. INTRODUCTION

Gene regulatory networks model the interactions among the

genes and provide a decision rule describing activation and

repression of each gene via various proteins. Gene networks

can be modeled in multiple ways varying in their degree of

sophistication [1]. Static or dynamic models can be used

for inferring gene networks based on the type of experiment

and data at hand. Various modeling techniques have been

reported in literature including, Bayesian networks, factor

graphs, Boolean networks, neural networks etc. Currently, a

lot of effort is being devoted to introduce improvements in

these algorithms so as to enhance our understanding about

gene interactions.

Kalman filter has also been employed to model gene reg-

ulatory networks [1], [3] but it is applicable only to linear

Gaussian models. In order to be able to capture complex gene

interactions efficiently, it is imperative to develop algorithms

that model that nonlinear interactions among the genes as
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well. EKF is one such method for estimation and predic-

tion in case of nonlinearity and has been frequently used to

perform inferences in gene networks [4]. An EKF-based

approach works well in the presence of steady state data and

slow dynamics, because it is only an approximation relying

on a first-order linearization of the nonlinear model. To cope

with nonlinearities, this paper proposes the usage of particle

filter techniques which can model the evolving dynamics of

a system by catering for any possible nonlinearity. The mi-

croarray data is assumed to obey a linear model. To obtain a

more accurate and precise picture of gene interactions, a non-

linear model for gene expressions and a discrete time state

space system of equations are considered to model possible

time variations.

Since a particular gene interacts with a few other genes

only, the parameter vector is expected to be sparse. To cap-

ture this sparsity, the particle filter is augmented with a Least
Squares Shrinkage Selection Operator (LASSO) based least

squares regression operation. The performance of the afore-

mentioned algorithm is rigorously evaluated for synthetic

as well as real biological data sets arising from Drosophila

Melanogaster time series gene expression profiles. The re-

sults are contrasted with those reported in [4]. It is demon-

strated that particle filtering followed by LASSO outperforms

the EKF approach for synthetic as well as real data.

2. SYSTEM MODEL

The dynamical gene system is modeled using a standard state

space representation. Assuming a system consisting of N
genes, the model for the evolution of states at the ith time

instant can be expressed as

yi = g(yi−1,wi) (1)

where the function g(.) characterizes the regulatory relation-

ship among various genes. The state vector yi represents the

gene expression values at a particular time instant i and the

noise wi impairing the system is assumed to be i.i.d Gaus-

sian such that wi,n ∼ N (0, σ2
w). The microarray data is rep-

resented in terms of the variables zi which also constitute a
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set of noisy observations and is given by

zi = h(yi,vi) (2)

where vi is considered i.i.d Gaussian such that vi,n ∼
N (0, σ2

v). In order to capture the inherent nonlinearity re-

lationships existing among genes, a sigmoid squash function

is considered which is given by [4]

yi,n =

N∑
m=1

bnm
1 + e−yi−1,m

+ wi,n

i = 1, ..., I, n = 1, ..., N (3)

where the constant I denotes the total number of time instants

in the observed data set and bnm model the regulatory rela-

tions among various genes. A discrete linear Gaussian model

for the microarray data is considered which can be expressed

at the ith time instant as [3], [4]

zi = yi + vi. (4)

The system model outlined above is complete in the sense

that it captures all important features of the gene regulatory

network, e.g., nonlinearity, dynamics, and noise in both, mi-

croarray data and gene regulation model.

3. METHOD TO INFER GENE REGULATORY
NETWORKS

In this section, the methodology proposed to infer the system

parameters in (3) is described. Our approach is best illustrated

in Fig.1. The algorithm is presented in detail below.

3.1. Particle Filter

Particle filtering is a suboptimal algorithm which uses point

masses along with the associated weights to approximate the

probability densities [2]. It serves as a natural candidate for

making inference in gene regulatory networks since it can be

applied to nonlinear state evolution models.

Let di denote the set of all observations up to time i, i.e.,

di
Δ
= [z1, . . . , zi]

T . Based on the measurements di and past

state estimates y1:i−1, our objective is to estimate the current

state yi. This requires the posterior density p(yi|di−1) of the

state yi as well as the likelihood density p(zi|yi). Based on

the Markov model in (3), the conditional distribution of the

state yi can be expressed as

p(yi|yi−1; bnm) =

1

(2πσ2
w)

N/2
exp

{
−||yi −

∑N
m=1 bnmf(yi−1,m)||2

2σ2
w

}
.

(5)
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Fig. 1. Block diagram of Gene Network Inference Methodology

and the likelihood density is given by

p(zi|yi) =
1

(2πσ2
v)

N/2
exp

{−||zi − yi||2
2σ2

v

}
. (6)

The use of these densities to obtain the state estimates is de-

scribed succinctly in Algorithm 1 (see Subsection 3.4). The

process is initiated by drawing K particles {y0}Kk=1 for an

initial state y0 from a known prior density p(y0) which is as-

sumed Gaussian in this paper. Hence, the posterior density is

approximated using these particles and associated weights as

p(yi|di) =

K∑
k=1

ξki δ(yi − yk
i ).

The weights are chosen according to the phenomenon of im-
portance sampling, whereby if it is difficult to draw samples

from the posterior density, importance density is sampled in-

stead [2]. In this paper, the importance density is chosen to be

equal to the prior density which provides ease of implemen-

tation and hence, the weights update is given by

ξki ∝ ξki−1p(zi|yk
i ). (7)

In order to tackle the degeneracy phenomenon associated

with sequential Monte-Carlo algorithm, resampling is per-

formed [2].

3.2. Kalman Filter

In our framework, particle filter works in conjunction with the

Kalman filter, with the former predicting the unknown states

ym,i−1 and the latter estimating the constant system parame-

ters. It can be observed from the system model described in

(3) and (4) that given the states ym,i−1, the state space model

becomes linear in the unknown parameters. The linearity of

this model and Gaussian noise impairment makes Kalman fil-
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ter a natural candidate for estimating bnm. Define

Θ
Δ
= [b11, . . . , b1N , b21, . . . , b2N , . . . ,bN1, . . . , bNN ]T

f
′ Δ
= [f(yi−1,1) . . . f(yi−1,N )] (8)

Ψfi
Δ
=

⎡
⎢⎢⎢⎣
f

′
0 0 0

0 f
′

0 0

0 0
. . . 0

0 0 0 f
′

⎤
⎥⎥⎥⎦ (9)

Then the state and output equations can be expressed as

Θi = Θi−1 + ηi

zi = ΨfiΘi + vi (10)

where the parameters Θi are assumed to evolve subject to a

Gauss-Markov process. The noise ηi denotes the uncertainty

in the unknown parameters and its variance is assumed low so

that the parameters are almost constant. The parameter set Θi

is estimated using the standard Kalman filter prediction and

update equations.

3.3. Sparse Approximation of Parameters

Kalman filter algorithm provides a solution to a least squares

problem, whereby a large number of solutions is possible.

LASSO is a solution to a least squares regression problem

with an additional L1 norm penalty on the parameter vector,

and hence, provides a unique solution [5]. Therefore, LASSO

provides an efficient means of system selection.

After the particle filtering stage delivers the state esti-

mates yi,n, they are fed to the LASSO which identifies the

system parameters bnm using the estimated states and the ob-

served data. A key rationale behind the proposed LASSO

based least squares data fitting is that for a particular gene in

question, it is related to only a few other genes and as such,

many of the constants bnm signifying the regulation relation-

ship among various genes are 0. LASSO allows to identify

only a subset of the system parameters forcing the other irrel-

evant (or ‘weak’) interactions to zero. As a result, a parsimo-

nious and efficient description of the gene regulatory network

is obtained. For the nth gene, its observations and estimated

states can be stacked using (3) and (4) as

⎡
⎢⎢⎢⎣
zn1
zn2

...

znI

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎣

f(y0,1) . . . f(y0,N )

f(y1,1) . . .
...

...
. . .

f(yI−1,1) f(yI−1,N )

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎣
bn1
bn2

...

bnN

⎤
⎥⎥⎥⎦+

⎡
⎢⎢⎢⎣
vn1
vn2

...

vnI

⎤
⎥⎥⎥⎦

which can be compactly expressed as

zn = Φbn + vn. (11)

LASSO operates on this system of equations for the nth gene

and produces a parameter vector bn by minimizing the crite-

rion:

min
bn

1

2
||zn −Φbn||22 + λ||bn||1. (12)

In this paper, the value of λ is considered to be in the range of

[5−10]. These values were chosen arbitrarily so as to keep the

network sparse. The invertibility of the matrix ΦTΦ defined

in (11) ensures that the objective function is strictly convex

and a globally optimal solution is guaranteed.

3.4. Inference Algorithm

The operation of our algorithm to infer the gene regulatory

network is graphically depicted in Fig. 1 and the correspond-

ing pseudocode is summarized in Algorithm 1. In essence, a

particle filtering approach to estimate the states coupled with

an online Kalman filter based parameter estimation delivers

the estimated states to the LASSO operator.

Algorithm 1 Gene Network Inference

1: Input time series data set z.

2: Initialize I,K, θ0.

3: for k = 1, ...,K do
4: Draw yk0 ∼ p(y0|z0).
5: Assign weights to the particles using (7).

6: end for
7: Calculate the total weight i.e., S = SUM[ξki ]

K
k=1

8: for i = 1, ..., I do
9: for k = 1, ...,K do

10: Draw yki ∼ p(yi|yi−1, zi).
11: Assign weights to the particles using (7).

12: end for
13: Calculate the total weight i.e., S = SUM[ξki ]

K
k=1.

14: Normalize ξi =
ξi
S .

15: Estimate parameters bi from yi

16: end for
17: Resample.

18: LASSO: Estimate parameters b from y and z using (12).

19: return

4. SIMULATION RESULTS

4.1. Application on Synthetic Data

An eight-gene network is considered for evaluation of the

ability to predict the gene expression profiles. The data of

length I = 40 is generated using the model given in (3). The

variance of the system noise vn ∼ N (0, σ2
v) is taken to be

10−4 and the variance of measurement noise wn is varied

from 10−4 to 10−1 which is assumed to be known a-priori.

For particle filter, number of particles used is K = 100 in

all simulations. The prediction estimates for both the algo-

rithms, using the inferred system parameter values, bnm, are

calculated and compared by using the MSE as the fidelity cri-

terion and the results are shown in Fig. 2. To keep the paper

concise, MSE is shown for two representative genes only.
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Fig. 2. MSE performance comparison between EKF and PF with LASSO

for synthetic data

4.2. Application on the Drosophila Dataset

A time series data set for heat stress response in drosophila
melanogaster is considered which consists of 36 time points

for 530 genes [6]. A data set consisting of ten genes is con-

sidered and the evaluation of the algorithm is performed by

comparing the predicted values of gene expression profiles

by using MSE as the fidelity criterion. The system noise

is taken to be vn ∼ N (0, 10−4) and the observation noise

wn ∼ N (0, σ2
w) variance ranges from 10−4 to 10−1. It is

found that particle filter outperforms the EKF approach con-

sistently for the entire range of observation noise variances as

shown in Fig. 3. It can be inferred that the proposed algo-

rithm models the network efficiently and is robust to changes

in noise. As in the previous section, a representative figure

for two genes is given to keep the paper concise.

5. CONCLUSIONS

This paper considers the modeling and learning of gene reg-

ulatory networks using a nonlinear dynamical model which

represents a more general scenario. The gene network is mod-

eled using a state space approach and particle filtering is used

for state estimation. The parameters regulating the interaction

among genes are supplied by an online Kalman filter. Since

the parameter vector is frequently sparse, LASSO identifies

a subset of these parameters giving only the relevant system

coefficients. Extensive performance evaluations demonstrate

that this particle filter based approach outperforms the EKF in

terms of the MSE criterion. The results are proved using syn-

thetic data as well as real data for Drosophila Melanogaster

gene expression time series.
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Fig. 3. MSE performance comparison between EKF and PF with LASSO

for real data
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