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Abstract
Recently with the advancement of high-throughput sequencing, gene regulatory network inference
has turned into an interesting subject in bioinformatics and system biology. But there are many
challenges in the field such as noisy data, uncertainty, time-series data with numerous gene
numbers and low data, time complexity and so on. In recent years, many research works have been
conducted to tackle these challenges, resulting in different methods in gene regulatory networks
inference. A number of models have been used in modeling of the gene regulatory networks
including Boolean networks, Bayesian networks, Markov model, relational networks, state space
model, differential equations model, artificial neural networks and so on. In this paper, the fuzzy
cognitive maps are used to model gene regulatory networks because of their dynamic nature and
learning capabilities for handling non-linearity and inherent uncertainty.
Fuzzy cognitive maps belong to the family of recurrent networks and are well-suited for gene
regulatory networks. In this research study, the Kalman filtered compressed sensing is used to infer
the fuzzy cognitive map for the gene regulatory networks. This approach, using the advantages of
compressed sensing and Kalman filters, allows robustness to noise and learning of sparse gene
regulatory networks from data with high gene number and low samples. In the proposed method,
stream data and previous knowledge can be used in the inference process. Furthermore,
compressed sensing finds likely edges and Kalman filter estimates their weights. The proposed
approach uses a novel method to decrease the noise of data. The proposed method is compared to
CSFCM, LASSOFCM, KFRegular, ABC, RCGA, ICLA, and CMI2NI. The results show that the
proposed approach is superior to the other approaches in fuzzy cognitive maps learning. This
behavior is related to the stability against noise and offers a proper balance between data error and
network structure.

Keywords: Gene Regulatory Network; Fuzzy Cognitive Maps; Compressed Sensing; Kalman
Filter; Time Series Data

1. Introduction
In recent years, the extraction of interactions between genes has become one of the main goals of
systemic biology. To achieve this, the use of network modeling is highly fruitful /very useful.
Various networks are used/utilized for this purpose, including metabolic networks, Protein-Protein
Interaction Networks(PPI), and Gene Regulatory Networks(GRNs) [1]. Gene regulatory networks
are used to represent interactions between genes at the genome level. Information from these
networks is beneficial in developing new therapeutic approaches and understanding how living
organisms function at the molecular level. These networks consist of a number of nodes and edges
between them, with each node representing a gene and the edges reflecting causal links between
these genes. In fact, gene regulatory networks are the networks of regulatory and causal
interactions between genes. These networks are sparse communication, large in size, dynamic,
recursive, and nonlinear. The purpose of modeling this network is to simulate the effect(s) of genes
on each other [1,2].
The inference of gene regulatory networks is referred to as the modeling process that best mimics
the behavior of the gene regulation network based on gene expression data. The data used is a time
series gene expression matrix, in which columns and rows represent genes and time points,
respectively. In this data, the number of time points is much smaller than the number of genes,
which is usually due to the high cost of experiments. Therefore, it is crucial to use a method that
involves a proper estimation of the system from such data [3,4]. The inference of gene regulatory
networks faces many challenges, for instance, Gene expression data includes a large number of
genes and a small number of samples, which makes the learning process more difficult and less
accurate. Gene expression data is uncertain and generally noisy. The number of parameters to be
estimated increases exponentially with increasing the number of genes. Causal relationships
between genes are nonlinear and the learning method must be able to consider such relationships
as well [3].To address these challenges, several computational methods have been proposed to
infer the Gene Regulatory Network, which are categorized into four classes: Co-expression- based
methods[5], Supervised learning-based methods [6], Model-based methods [7] and Information
theory-based methods [8].
Co-expression- based methods have low computational complexity, but are not capable of
extracting the direction of interaction(s) and system dynamics. Supervised learning-based
approaches such as SIRENE[6] and GENIES[9] use well-known regulations in genomic data to
infer gene regulation networks. In [10], a supervised learning method based on a support vector
machine is proposed to infer gene regulation networks. In this method, various features are
extracted based on the distance graph profile of genes. The edge between the gene pairs is then
checked using a support vector machine. The accuracy and efficiency of these methods excel other
ones/methods; however, the number of datasets that provide sufficient information about known
regulations is very limited that would confine the use of these methods.

On the other hand, model-based methods consist of a wide range of gene regulation network
inference methods, such as Ordinary differential equations [11], linear regression [12], linear
programming [13], Boolean networks [14] and probabilistic graphical models including Bayesian
networks [15-17] and graphical gaussian model [18, 19]. Model-based approaches provide an indepth understanding of the behavior of systems at the network level. Moreover, these methods are
capable of inferring the direction of interaction in the gene regulation network, despite having high
computational complexity and difficulty of usage in large-scale networks. Information theorybased methods have the ability to identify nonlinear relationships between genes; and can be used
for large-scale networks. However, information theory-based methods are not able to detect the
direction of regulatory interactions, thus leading to false positive predictions [20].
Two of the best methods in this field are MRNET and ARACNE methods [22,21]. These methods
use mutual information (MI) between gene expression profiles and a feature selection method
(Minimum Redundancy Maximum Relevance-MRMR) to infer the interaction between genes.
More precisely, these methods consider each gene (j) as the target and other genes (V) as its
regulators. In this case, the MI is calculated between the target gene and the regulators. The MRMR
method is then applied to select the best subset of regulators.
In [23], the GRNTE method is proposed. In this method, the interactions between genes are
calculated based on partial mutual information. In [24], the maximum information coefficient is
used to infer gene regulatory network. In this method, an undirected network is first built based on
this criterion. The direction between genes and targets are then identified. In this step, the mean
conditional entropies of each pair of nodes (or genes) are used to indicate the direction of the edges.
In model-based methods, regression methods have been considered. The GENIE3 method is one
of the most popular methods based on decision tree models. This method is similar to the MRNET
method in that one gene plays a target role while other genes play a regulatory role, and it makes
the use of a feature selection method. Unlike the MRNET method, random forests and Extra trees
are used for regression and feature selection [25].In this method, one gene is considered as the
target and the rest of the genes are considered as regulators. A set of decision trees are created for
each of the target genes. The genes used in decision trees are ranked, and low-ranked genes are
removed based on a threshold. Finally, the remaining genes are considered as regulatory ones.
Because of the high efficiency of this method, it has been used as a basis for many other methods
[26-29]. The Jump3 method is a modified version of the GENIE3 method to be used in time series
data [26]. In [28], a rotation forest-based method is proposed in order to accurately infer the
interactions between genes. The use of a rotation forest, unlike a random forest, allows the best
features to be extracted from gene expression. The GRNBoost2 method is an efficient algorithm
to infer the gene regulation network using gradient descent, based on the GENIE3 architecture. In
this method, Arboreto computational framework is used for the inference of the scalability of gene
regulation networks [29].
One of the good model-based methods is Bayesian network method. There are advantages in using
Bayesian networks to infer the structure in gene regulation networks. For example, Bayesian
networks, can still perform well on lost and noisy data because of their probabilistic nature; the
comprehensibility of probabilistic relations in the graphical form of Bayesian networks. In
addition, Bayesian networks have the ability to avoid over-fitting when the amount of learning
data is not large. However, there are two problems in using Bayesian methods in inferring the gene

regulation network: one is to find the optimal graph and the other is its inadequacy in inferring
large-scale networks. One solution is to decompose the large network into smaller networks. The
use of local Bayesian network (LBN) methods has been considered in [30]. In [31], the Bayesian
model averaging and linear regression (BMALR) method are used to infer the interactions of
biological systems. This method uses a new way to calculate the posterior probability of edges,
i.e. from regulators to the target gene. This method is based on Bayesian model averaging and
linear regression. The BMALR method applies linear regression to the target gene and all possible
combinations of other genes. The final score of the edge from the parent node to the target node is
based on the sum of the subsequent probabilities of the linear regression models. In [32], a
combined method based on BMALR and clustering method is proposed. In this method, prior
knowledge matrix is extracted using clustering method. Then, a gene regulation network is created
by the use of Bayesian averaging method and the extracted knowledge matrix.
The Expectation Propagation(EP) for Bayesian Network Learning is suitable for large-scale
networks. Narimani et al. have used this method to learn the Bayesian network and infer the gene
regulation network [33]. A Bayesian theory-based method called BGRMI has been proposed to
infer the gene regulation network from time series data [34]. In this method, Bayesian framework
is utilized to calculate the probability of different models of the gene regulation network. It then
uses an exploratory search method to navigate and find the space of the effective model. In [35],
in order to overcome the problem of small number of data samples and the large number of features
in gene expression data as well as the presence of noise in the data, a Bayesian network-based
method using a Gaussian process called BINGO is proposed. This method infers the gene
regulation network using a non-parametric approach, including statistical sampling of gene
expression profiles. The results show that the proposed method has acceptable efficiency. In [36],
the gene regulation network is created on noisy time series data, based on the probabilistic Petri
net. In order to infer the gene regulation network from the noisy time series data and to solve the
problem with a false positive, a method based on Kalman filter and Bayesian network is proposed
in [37,38],. In this method, Bayesian network parameters are estimated using the Kalman filter.
The edge space in the created graph is also pruned using conditional mutual information. In [39],
fuzzy Cognitive maps (FCMs) have been used to construct the gene regulation network. In this
method, large networks are created using mutual information and FCM. Fuzzy Cognitive map
performs well in identifying the relationship and the weight between genes, while in large
networks, they face problems since learning this mapping on a large scale has time-consuming
algorithms. To solve this problem evolutionary optimization methods [40] and multi-objective
genetic algorithm [41] have been proposed. In [42], a hybrid method of multi-objective genetic
algorithm and random forest based on FCM have been used to infer the gene regulation network.
In this method, FCM is first used to build the network. Then, a multi-objective genetic algorithm
is used to identify the interactions. Finally, using random forest, candidate genes are identified for
each target gene.
In this paper, Kalman filtering and compressed sensing are used to learn the gene regulation
network using fuzzy cognitive map. Compressed sensing is a new optimization method for the
reconstruction of sparse signals, which has become widely used in signal and image processing.
This algorithm effectively provides the ability to reconstruct a network with sparse interactions by
assuming sparsity. Unfortunately, this method is sensitive to noise and does not produce good
results for time series data that are inherently noisy. The Kalman filter is a method that allows the
extraction of system state from a series of samples that may contain noise. Although the Kalman
filter is robust to noise, it does not meet the sparsity of the estimated network , thus reducing the

accuracy of the model. Thus, we expect that a combination of compressed sensing and Kalman
filtering provides a good way to learn the gene regulation network using fuzzy cognitive mapping.
2. Fuzzy cognitive map
Fuzzy cognition map is a robust model for modeling dynamic, non-deterministic and nonlinear
systems, which have made these models a suitable platform for modeling gene regulation
networks. In this network, the neurons are known as the concept, and the weights, being usually
a number in the range of [-1,1], represent the causal relation between the concepts in the network.
The activity value of a concept is a number in the range of [0,1] [45]. The fuzzy cognitive map is
a weighted directed graph, represented by a multiple (V, D, W, f) where V is a set of n concept
nodes (𝑉 = {𝐶1 , 𝐶2 , . . . , 𝐶𝑛 }) , and the state values of these nodes are denoted as a vector 𝐷 =
{𝑥𝑡1 , 𝑥𝑡2 , . . . , 𝑥𝑡𝑛 }, where 𝑥𝑡𝑖 ∈ [0,1] | 𝑖 = 1, . . , 𝑛. The relationships between genes are defined as an
n×n weight matrix W and f is a state transfer function and is used to estimate the state values of
the concepts at the next time point, based on the current state of the network [45]. The states are
updated based on the following equation.
𝑛

𝑥̂𝑗𝑡+1 = 𝑓(∑𝑖=1 𝑥𝑖𝑡 𝑊𝑖𝑗 )

(1)

There are various transfer functions that can be used. The comparison study suggests that sigmoid
transfer functions outperform the others in general[45]. Thus, the following sigmoid transfer
function is employed.
1
 0 , a0
1 + e− a
(2)
The purpose of learning FCM is to find the correct weights so that the FCM learned is very close
to the observed data. The problem is that the number of weights to be learned is the quadratic
function of the existing concepts. In the discussion of the gene regulation network, given that the
number of genes is high, the number of weights that must be optimally calculated is extremely
high. Therefore, powerful learning algorithms are needed to control these large-scale issues. The
most important algorithms for FCM learning are classified into three types on the basis of the type
of knowledge used: Adaptive methods , Population-Based Methods and hybrid methods[45]. In
adaptive methods, weights matrices are determined based on algorithms using expert knowledge
such as differential Hebbian Learning, balanced differential algorithm, active Hebbian learning,
nonlinear Hebbian learning, and nonlinear Hebbian learning based on data. All of these algorithms
update the initial model weights in an iterative process, using the existing data and learning
formulas defined in [45].
In optimization-based methods such as Particle Swarm Optimization, Simulated Annealing, RealCoded Genetic, Tubo Search and ant colony optimization, weights matrix is calculated based on
learning data. The main purpose of using these algorithms is to remove experts from learning fuzzy
cognitive mapping. In hybrid methods, expert knowledge and learning data can be used together.
When these two sources are available together, the advantages of both methods can be exploited
of by these hybrid methods[45].
f sig (a) =

3. Compressed sensing

Compressed sensing is an optimization problem in the form of the following equation:
argmin ||𝑋||1

(3)

𝑋

s.t. Y = Q X

where ||𝑋||1 = ∑|𝑋𝑖 | is norm-L1 of vector X. Y and Q are the sensing matrices that are described
next in this section. The advantage of compressed sensing is that the number of samples can be
much less than the number of elements in the unknown vector (n >> m). Dividing the fuzzy
cognitive map learning problem into several separate sub-problems of learning the local
connections of each gene means that each of the W columns is learned by a separate optimization
problem. To turn the fuzzy cognitive map learning problem into a compressed sensing problem,
Equation (1) can be rewritten as follows:
𝑛

𝑓 −1 (𝑥̂𝑗𝑡+1 ) = ∑𝑗=1 𝑥𝑖𝑡 𝑊𝑖𝑗

(4)

−1

where f (.) is the inverse of the function f. The above equation can be written by changing the
variable as follows:
W1 j 
 
W2 j 
Y j = Q .  = QW j
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Wnj 

where

Yi

(5)

is the i column of the Y matrix, and Y and Q are defined as follows:
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(6)

(7)

Finally, the problem of learning column i from the weight matrix of a fuzzy cognitive map can be
expressed by a compressed sensing optimization problem such as the following equation :

arg min || W ||
i

1

Wi

s.t. Yi = QWi

4. Proposed method

(8)

In this paper, a hybrid method to infer gene regulation networks in the form of fuzzy cognitive
mapping from time series data, called KFCS-FCM, is proposed. This method uses a combination
of compressed sensing and Kalman filter to estimate the fuzzy cognitive map weight matrix. As
mentioned, gene regulation networks are sparse in terms of interactions between genes. This
feature is a challenge in most methods of inferring gene regulation networks. In spite of the fact
that this method involves a lot of errors against noise data, compressed sensing has a high accuracy
in cases where the time points of the data are much smaller than its dimensions. It is also a batch
method, which means that it is necessary for all time points to be available at the moment of
starting the inference process. On the other hand, the Kalman filter method alone is not appropriate
for inferring the gene regulation network because of the small number of samples compared to
genes. The compressed sensing Kalman Filter creates an online inference method that is more
robust to noise than compressed sensing by reformulating the least squares error estimation
problem.
Filtered Kalman compressed sensing estimates the initial support set with length S (the set of genes
or coefficients that regulate the target gene is called the target gene support set) by usual
compressed sensing and, it then uses the Kalman filter to obtain a more accurate estimate of the
elements in the support set. Innovation error may sometimes increase in the estimation process by
the Kalman filter. At this time, the required changes in the support set can be estimated by
performing a compressed sensing on the innovation error. The Kalman filter is then run with a new
support set. In this process, during this process, if some coefficients remain close to zero, they can
be removed from the support set. Assuming that compressed sensing always has a very accurate
estimate of the support set, then the KFCS method will always have an accurate Minimum Mean
Squared Error (MMSE) estimate for the problem. Since the compressed sensing is very likely to
return an accurate estimate of very sparse vectors, we use it to obtain a very sparse vector of
changes in the support set using a filter error (support set changes are always very small and
sparse). [46].
In the proposed method, if the number of genes is assumed as Ng and the number of response
sequences and time points of the time series data as Nr and Nt, respectively, then in each iteration
of the algorithm, one gene is selected as the target gene and the algorithm attempts to obtain an
appropriate estimate of the amount of other genes on the target one. In fact, the problem of building
a gene regulation network is divided into Ng sub-problems. In each sub-problem, if we assume
that the sparse vector x R

N g 1

(Ng >> S) is the effect of regulatory genes on the target, the goal

will be finding the vector x. The y R Nt 1 is the observation vector of the target gene. Moreover,
N N

A R t g is the measuring time series matrix of all genes. The measurement model is as follows:
2
y = Ax + w , w N (0, obs
I)
(9)
2
is the variance of the Gaussian probability distribution of
where w is the measured noise and  obs

the measured noise. In gene regulation network inference, there is a y vector for each gene. Using
the Kalman Filtered compressed sensing, one xt is inferred for each yt (y of noise). Ultimately, the

best xt with the least data error is selected as the result. The general steps of the proposed method
are shown in Figure 1. The pseudocode of the proposed method is shown in Figure 2.
4.1. Preprocessing
At this stage, if the gene expression matrix is as follows, a sensing matrix ( A R
number of the observation matrix ( Yk  R

Nt  N g

Nt  N g

) and p

k {1,..., p} ) are extracted from the gene

expression data.

 g11

D=
 g Nt
 1

g 1N g 


Nt 
g Ng 


(10)

That git is the expression of the i-th gene at time t. Given that the purpose of inferring the gene
regulation network is in the form of fuzzy cognitive mapping, it is necessary to map the fuzzy
cognitive map inference problem to y = Ax. The equation ct = f (Wct −1 ) is the update equation
of the concepts of the fuzzy cognitive map. In order to convert this equation to y = Ax, the inverse
function of the sigmoid is taken from both sides of the equation and this equation is converted to

f −1 (ct ) = (Wct −1 ) . In this case, the sensing matrix and the observation matrix are calculated
based on the following equations.
 g11

A = g it = 
 g Nt −1
 1

g 1N g 


g NNgt −1 


(11)

 f −1 ( g12 + wk )

Yk = f −1 ( g it +1 + wk ) = 
 f −1 ( g Nt + w )
k
1


where w1 = 0 , w[2: p ]

f −1 ( g N2 g + wk ) 


f −1 ( g NNgt + wk ) 


(12)

N (0, 2 ) and f −1 (.) is the inverse of the sigmoid function and  2 is

the noise variance added to the data.
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Figure 1. Diagram of proposed algorithm
4.2. Problem decomposition:
At this stage, the inference of the gene regulation network is divided into Ng sub-problems. In this
respect, in the i-th sub-problem, the i-th gene is selected as the target and other genes are
considered as regulators. The input to the i-th sub- problem is matrix A along with the i-th column

of the Yk matrix’s and the output is the i-th column of the weight matrix of the fuzzy cognitive
map of the gene regulation network (Wi). The following steps are repeated separately for each of
the sub-problems.
4.3. Initialize the support set:
The vector T is the support set of the vector x, meaning that T contains only the index of non-zero
elements of x. The initial value of the support vector is empty ( T 0 = ). In the next step, due to
the fact that the Filtering Error Norm will increase for the empty support set, compressed sensing
is automatically used to estimate T1.
4.4. Kalman filter step:
Assume that the support set corresponding to t = 1(T1) is available and the first change in the
support set occurs in t = ta time . The system model and measurement model of Kalman filter for
gene regulation network in the form of fuzzy cognitive map are as follows:

( xt )T = ( xt −1 )T + (vt )T

(13)

y t = AT ( xt −1 )T + wt

(14)

The prediction step of Kalman filter will be as follows:

xˆ t|t −1 = xˆ t −1
2
I
( Pt|t −1 )T ,T = ( Pt −1 )T ,T +  sys

(16)

Initial values xˆ = 0 and P = 0 . The next step is to update the Kalman filter as follows:
0

K = (P

t|t −1

0

t

)T ,T A ( )
'
T

ie

−1

t

,

 = A (P
T

t |t −1

2
)T ,T AT' +  obs
I

ie

( xˆ t )T = ( xˆ t|t −1 )T + K [ y t − Axˆ t|t −1 ]
( xˆ t )T c = ( xˆ t|t −1 )T c = ( xˆ t −1 )T c
( P t )T ,T = [ I − KAT ]( P t|t −1 )T ,T

(17)

4.5. Recognize the need to add new elements to the support set:
The innovation error in estimating nodes for time series data is the difference between the observed
value of a variable at time t and the predicted value of that variable using the existing knowledge
up to time t.

y t = y t − Axˆ t|t −1

(18)

t  ta , the innovation error is as follows:

In the inference problem up to time

y t = A( xt − xˆ t|t −1 ) + wt N (0,  ie )
t

t = ta a new

At

(19)

set is added to the support set of Xt. At this time, the innovation error

changes as follows:

y t = AT ( xt )T + A ( xt )  + wt
where the set

(20)

t = ta , y t has a non-zero mean ( A ( xt ) ) . In other

is unknown. At time

words :

y t = A ( x t )  + wt = AT c ( x t )T c + wt
t

wt = [ AT ( xt − xt|t −1 )T + wt ] N (0,  )

(21)

ie

That

 T c

is a non-zero set that must be specified at the present time. Therefore, the question

of whether an element should be added to the support set is mapped to the question of whether the
t

innovation error ( y ) has a non-zero mean. Filtered Kalman compressed sensing uses the
Generalized Likelihood Ratio Test (G-LRT) to determine if the innovation error norm

IEN = ( y t )'  ie−1 y t

is larger (or smaller) than the threshold.

y tf = A ( xt )  + AT ( x t − xˆ t )T + wt
= [ I − AT K ] A ( x t )  + wtf , wtf = [ I − AT K ]wt
t

t
f

w

N (0,  ),
fe

4.6. Estimation

t

t

 = [ I −A K ][I − A K ]

'

T

T

ie

ie

(22)

 using compressed sensing:

If the filter error norm FEN = y (
t
f

t

)

−1

y tf exceeds the threshold, the elements to be added to

fe

the support set (  ) are to be estimated. In Kalman Filtered compressed sensing, this estimate is
t

done by applying compressed sensing on y f and then applying a threshold on the output of
compressed sensing.

ˆ t = arg min ||  ||1 s.t. || AT' ( y tf − AT  ||  d obs


c

c

(23)

ˆ = (T c ) z where z = {i : ˆit  thr}
where

d = 2log N g

(24)

. thr is a threshold for zeroing the elements added to the support set;

This means that only coefficients of 𝛽̂ that are larger than this threshold are added to
the new elements, the new support set will be

Tnew = T + t

̂ . Including

.

4.7. Execution of Kalman filter update step:
In this step, from each iteration, the update phase of Kalman filter is executed on

T = Tnew

based on equation 17 .

4.8. Perform compressed sensing and Kalman filter update step Repeatedly:
With one step of performing the compressed sensing (step 6), all the correct elements of the 
set could be estimated incorrectly. To solve this problem, step 6 and step 7 can continue until the
t

soft filter error ( t

t
f

( ) −1 y tf

) falls below a threshold or until set

̂

is empty. It is possible to

fe

add a lot of wrong coefficients to the support set at this point. Which necessitates the performance
of the next step in order to solve this problem.

4.9. Remove coefficients close to zero from the support set:
At this point, coefficients of zero (close to zero) as well as coefficients that are incorrectly added
to the support set due to compressed sensing error must be removed from the support set (Tt). To
solve this problem, if

( xˆit )2  thrz

removed, Tt must be modified. Also,

, then we set

xˆit

،

t|t −1
Pi ,[1:
Nt ]

xˆit
and

to zero. When a coefficient like i is

P[1:t|tN−t1],i

will be equal to zero, thus

increasing the deletion error. To avoid this problem, the removal operation is performed only when
the Kalman filter is in the removal mode.
5. Results
5.1. Dataset
The data sets used in this paper are DREAM3 and Dream4 data sets. These data sets contain time
series data in different sizes. DREAM3 is a set of networks with sizes of 10, 50 and 100 genes,
with each having 5 different types. The various types of networks are Ecoli1, Ecoli2, Yeast1,

INPUT
D # Is the time series gene expression matrix
OUTPUT
W # is the FCM weight matrix
Preprocessing:
1: A = Dt
−1
2: Y0 = f ( Dt +1 )
−1

3: Yk = f ( Dt +1 ) + wk k = 2,.., p
4: For each gene{1,..., n} repeat:
5: Initialize:
xˆ 0  0, P 0  0, T 0  

6: For each t > 0 repeat:
t −1
7: T  T
8: y = Ygene
9: KF prediction. Run 16 using the current T .
10: KF update. Run 17 using the current T .
t

t



11: Addition (using CS). Compute IEN = ( y t )'  ie−1 y t where y t = y t − Axˆ t|t −1
and check if it is greater than its threshold. If it is,


12: (a) Run CS on the filtering error, y t = y t − Axˆ t|t −1 , i.e. compute
the Dantzig selector using (24).
13: (b) Compute the support set of xnew by thresholding, i.e. compute nz = {i :| ( xnew )i |  } .
Then the addition to the support set of xt is  = (T c )nz . The new support set for xt is
Tnew = T  
2
14: (c) ( Pt|t1 ) ,   init
I . Set T  Tnew
15: (d) Run the KF update given in 17 for the current T .
#Performance can be improved by iterating the above four steps until
size(Δ) = 0 or FEN less than its threshold.

16: Deletion. Compute the set  D = {i  T :

t




= t − k +1

( xˆi2  k 2 ) . the new

support set is Tnew = T  D
(a) ( Pt|t1 )D,[1:m ]  0, ( Pt|t1 )[1:m ],D  0. T  Tnew
17: KF update. Run (17) for the current T.
18: Assign Tt  T . Increment t and go to Step 7
19: endwhile
20: Wgene  xbest #xbest is one of estimated xs that has the least Innovation Error.
21: endwhile
Figure 2. Pseudocode of Proposed algorithm

Yeast2 and Yeast3, to which we have assigned the numbers 1 to 5 for results show, respectively.
There are two sizes to the networks in DREAM4: 10 and 100, with each size including 5 different
types.
5.2. Evaluation criteria
SSmean, DataError, OutOfSampleError and ModelError criteria were used to evaluate the
accuracy of the inferred network structure. For this purpose, the inferred weight matrix must be
converted to a binary matrix. Hence, all weights that are less than 0.05 are considered zero and the
weight of other interactions is one. The weight matrix determines which genes are related to each
other. To obtain the accuracy of the model, the true positive (TP), true negative (TN), false positive
(FP), and false negative (FN) edges must be extracted. Based on these four values, the SSmean
criterion is calculated as follows.

SSmean =

2  Specificity  Sensitivity
Specificity + Sensitivity

(25)

where

TP
TP + FN
TN
Sensitivity =
TN + FP

Specificity =

(26)

Also, the following four criteria are used to evaluate the performance of the proposed method and
make comparisons with all other existing models:
1.

The Area Under the PR Curve (AUPR)

2. The Area Under the ROC curve (AUROC)
3. AUPR p-value: This criteria calculate, the probability that a given or larger AUPR is
obtained by random ordering of the potential network edges.
4. AUROC p-value: This criteria calculate ,the probability that a given or larger AUROC is
obtained by random ordering of the potential network edges. [37].

1 n n
Model Error =
| wij − wij |
( N g ) 2 i=1 j =1

(27)

where Ng is the number of genes.
for target cognitive map (W).

wij

wij

is the element of row i and column j of the weight matrix

is also the element of row i and column j of the weight matrix

of the estimated cognitive map (W ). The closer this criterion is to zero, the better the proposed
method.
The Data Error criterion is to evaluate the difference between the main network data and the data
generated by the fuzzy cognitive map.
N

Nt
g Nr
1
Data Error =
[ xik,t − xik,t ]2

N g  N r  ( N t − 1) i =1 k =1 t =1

(28)

where Nr are time frames, Nt is the number of time points in each time frame.
This criterion is similar to Data Error, except that the initial state is generated randomly and the
values generated by the main network are compared with the values generated by the inferred
network.
N

Nt
g Nr
1
Out Of Sample Error =
[ xik,t − xik,t ]2

N g  N r  ( N t − 1) i=1 k =1 t =1

(29)

5.3. Evaluate the proposed method on time series data
The majority of the existing methods to infer the gene regulation networks in Dream3 and Dream4
use only the last 11 time points of each time series. However, in this paper, experiments are
performed on all time points of each data set to maintain generality and also to extend the results
to data whose structure is unknown (to us). In these experiments, the initial value of the parameters
is  sys = 10 ,  init = 15 and thradd = 3 .
Given that in the proposed method, gene regulation networks are modeled in the form of fuzzy
cognitive map, it is essential to select the appropriate parameter λ for the sigmoid function for
fuzzy cognitive map, to increase accuracy. In this experiment, the effect of changes in sigmoid
function on the performance of the proposed method for Dream3 and Dream4 networks has been
studied. The parameters of λ increase from 0.1 to 6 with steps of 0.1 (for λ less than 1) and 0.5 (for
λ greater than 1). The results are shown in Figures 3.
In this experiment, the Model Error criterion is calculated by binarizing the results of the proposed
method and comparing it with the standard network in Dream networks.
Model Error results include a lot of errors because of data loss caused by binarization.
Nevertheless, its results can be used to find the right density. The results are shown in Figure 1 as

the average of the Dream3 and Dream4 dataset with the same size, and in the diagrams Dx-y which
show the average of all networks with y node in Dreamx. The results show that the selection of λ
for the sigmoid function in the range of 0.8 to 1 leads to better results (in total of the three tested
criteria) than other values. The parameter λ = 0.8 is used to compare the proposed method with
other available ones.

Figure 3. Effect of the  parameter on the proposed method in the Dream3 and Dream4 datasets
In order to evaluate the comparability, artificial fuzzy cognitive maps of different sizes have been
used to evaluate the proposed method in the face of various scales. The sizes of the artificial fuzzy
cognitive map used in this experiment are 10, 40, 100, 200 and 500. Also 𝐶𝑁𝑡 increases from 0.1
to 0.9 with a step of 0.2. The density of the fuzzy cognitive map is set to 0.2 and 0.4.
The results are shown in Table 1. These results show that with the increase of the data length
coefficient (𝐶𝑁𝑡 ), the SSmean criterion increases ,while other criteria decrease. For fixed 𝐶𝑁𝑡 ,
adding up to the number of genes generally decreases the SSmean criterion and increases other
criteria. Moreover, when the density increases, poorer results will come up because the number of
wieght of the edges to be learned will increase, but the available data will remain unchanged. The
quality of learning also declines when the density is constant and there is an increase in the number
of nodes. The reason for this problem is that the number of edges to be learned in this case goes
up.

In order to compare the proposed method with the existing methods, the 25 networks in Dream3
and Dream4 have been compared to CSFCM [43], LASSOFCM[8], KFregular, Artificial Bee
Colony (ABC) [47], RCGA[48], ICLA [49] and CMI2NI [50]. The criteria used in this experiment
are SSmean and Data Error, the results of which are expressed in Tables 2 and 3, respectively. In
these tables, the Dx-y-z dataset represents network with number z with y gene from the Dreamx
dataset.
The results of Table 2 show that, in most cases, the proposed method has better SSmean criteria
from CSFCM and CMI2NI methods. The proposed method outperforms other methods in all cases.
In terms of Data Error, in most cases, the proposed method performs better than other methods.

Table 1. Evaluate the proposed method with different data scales
Model
Error(std.)
0.0930(0.0083)
0.1600(0.0182)
0.0910(0.0037)
0.1710(0.0047)
0.0920(0.0014)
0.1710(0.0021)
0.0910(0.0007)
0.1710(0.0012)
0.0910(0.0003)
0.1710(0.0005)
0.0710(0.0159)
0.1480(0.0270)
0.0640(0.0052)
0.1480(0.0046)
0.0650(0.0019)
0.1520(0.0024)
0.0680(0.0009)
0.1550(0.0013)
0.0690(0.0004)
0.1560(0.0003)
0.0340(0.0177)
0.1040(0.0226)
0.0200(0.0031)
0.1000(0.0062)
0.0190(0.0010)
0.1100(0.0024)
0.0230(0.0005)
0.1150(0.0014)
0.0280(0.0002)
0.1210(0.0005)
0.0120(0.0116)
0.0560(0.0200)
0.0030(0.0013)
0.0510(0.0053)
0.0040(0.0005)
0.0580(0.0019)
0.0050(0.0002)
0.0650(0.0008)
0.0100(0.0001)
0.0760(0.0003)
0.0000(0.0001)
0.0060(0.0081)
0.0000(0.0003)
0.0170(0.0021)
0.0000(0.0001)
0.0270(0.0011)
0.0000(0.0001)
0.0370(0.0006)
0.0010(0.0001)
0.0510(0.0003)

Out Of Sample
Error(std.)
0.0610(0.0112)
0.0830(0.0115)
0.0830(0.0038)
0.1100(0.0057)
0.1130(0.0025)
0.1380(0.0041)
0.1350(0.0027)
0.1560(0.0044)
0.1600(0.0030)
0.1780(0.0038)
0.0280(0.0080)
0.0490(0.0091)
0.0510(0.0041)
0.0830(0.0037)
0.0740(0.0026)
0.1150(0.0028)
0.0940(0.0022)
0.1350(0.0055)
0.1160(0.0024)
0.1540(0.0042)
0.0120(0.0066)
0.0300(0.0063)
0.0140(0.0023)
0.0540(0.0040)
0.0190(0.0010)
0.0780(0.0024)
0.0300(0.0010)
0.0970(0.0026)
0.0450(0.0010)
0.1130(0.0024)
0.0040(0.0041)
0.0150(0.0050)
0.0020(0.0007)
0.0260(0.0025)
0.0040(0.0005)
0.0390(0.0015)
0.0070(0.0003)
0.0520(0.0016)
0.0160(0.0004)
0.0680(0.0014)
0.0000(0.0000)
0.0020(0.0020)
0.0000(0.0002)
0.0080(0.0009)
0.0000(0.0001)
0.0190(0.0009)
0.0000(0.0001)
0.0310(0.0010)
0.0020(0.0001)
0.0470(0.0011)

Dara
Error(std.)
0.0090(0.0040)
0.0130(0.0059)
0.0020(0.0004)
0.0040(0.0008)
0.0040(0.0005)
0.0070(0.0006)
0.0050(0.0002)
0.0080(0.0004)
0.0080(0.0002)
0.0110(0.0003)
0.0000(0.0004)
0.0010(0.0006)
0.0010(0.0001)
0.0010(0.0002)
0.0020(0.0001)
0.0030(0.0002)
0.0030(0.0001)
0.0060(0.0003)
0.0070(0.0002)
0.0120(0.0004)
0.0000(0.0000)
0.0000(0.0001)
0.0000(0.0000)
0.0010(0.0001)
0.0000(0.0000)
0.0030(0.0001)
0.0010(0.0001)
0.0050(0.0002)
0.0030(0.0001)
0.0110(0.0003)
0.0000(0.0000)
0.0000(0.0001)
0.0000(0.0000)
0.0010(0.0001)
0.0000(0.0000)
0.0010(0.0001)
0.0000(0.0000)
0.0030(0.0001)
0.0000(0.0000)
0.0070(0.0002)
0.0000(0.0000)
0.0000(0.0000)
0.0000(0.0000)
0.0000(0.0000)
0.0000(0.0000)
0.0000(0.0000)
0.0000(0.0000)
0.0010(0.0001)
0.0000(0.0000)
0.0040(0.0001)

SSmean(std.)
0.0000(0.0000)
0.0000(0.0000)
0.0890(0.0193)
0.0630(0.0098)
0.0780(0.0049)
0.0540(0.0036)
0.0810(0.0036)
0.0560(0.0019)
0.0820(0.0016)
0.0570(0.0007)
0.4450(0.1099)
0.2990(0.0841)
0.5090(0.0321)
0.3130(0.0177)
0.4650(0.0106)
0.2680(0.0057)
0.4280(0.0056)
0.2470(0.0030)
0.4010(0.0020)
0.2260(0.0011)
0.7660(0.1010)
0.6110(0.0680)
0.8680(0.0170)
0.5950(0.0187)
0.8480(0.0052)
0.5270(0.0061)
0.7930(0.0019)
0.4840(0.0035)
0.7290(0.0007)
0.4430(0.0010)
0.9290(0.0548)
0.8130(0.0586)
0.9740(0.0078)
0.7900(0.0102)
0.9670(0.0040)
0.7290(0.0032)
0.9490(0.0017)
0.6810(0.0012)
0.8920(0.0007)
0.6140(0.0005)
0.9980(0.0073)
0.9790(0.0234)
0.9960(0.0029)
0.9250(0.0070)
0.9970(0.0010)
0.8610(0.0030)
0.9960(0.0007)
0.8010(0.0012)
0.9880(0.0006)
0.7260(0.0007)

density
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4
0.2
0.4

Number of
gene (Nq)

data length
(CNi)

10
40
100

0.1

200
500
10
40
100

0.3

200
500
10
40
100

0.5

200
500
10
40
100

0.7

200
500
10
40
100

0.9

200
500

In fact, it has the best performance in 22 out of 25 cases, and in only 1 case it is weaker than
KFregular and LASSOFCM methods, and in two (cases it is weaker) than ABC method. This
shows that the proposed method has better performance than other ones. In addition, the results
show that the proposed method has good inference when both the number of genes and the network
size are large.

Table 2. Comparison of SSmean criterion of the proposed method with existing methods for inferring Dream3 and
Dream4 gene regulation networks

ICLA

ABC

CM12NI

RCGA

LASSOFCM

KFregular

CSFCM

KFCSFCM

Dataset

0.000
0.000
0.043
0.000
0.000
0.024
0.016
0.009
0.010
0.019
0.016
0.011
0.006
0.008
0.003
0.000
0.047
0.000
0.023
0.022
0.001
0.007
0.005
0.006
0.003

0.065
0.046
0.065
0.101
0.050
0.098
0.091
0.104
0.090
0.103
0.092
0.102
0.097
0.104
0.096
0.132
0.000
0.131
0.088
0.044
0.100
0.096
0.096
0.086
0.103

0.564
0.316
0.416
0.596
0.395
0.340
0.305
0.165
0.210
0.139
0.450
0.391
0.275
0.160
0.131
0.536
0.307
0.482
0.538
0.639
0.498
0.257
0.464
0.403
0.444

0.162
0.189
0.312
0.305
0.277
0.366
0.353
0.326
0.346
0.330
0.320
0.372
0.351
0.359
0.361
0.263
0.286
0.297
0.124
0.257
0.348
0.382
0.359
0.369
0.364

0.044
0.023
0.158
0.369
0.263
0.274
0.314
0.377
0.380
0.341
0.417
0.423
0.443
0.416
0.405
0.068
0.112
0.090
0.149
0.044
0.085
0.095
0.097
0.091
0.086

0.044
0.023
0.000
0.052
0.074
0.158
0.182
0.188
0.144
0.146
0.225
0.216
0.216
0.223
0.221
0.046
0.112
0.090
0.149
0.044
0.081
0.092
0.092
0.087
0.083

0.506
0.479
0.605
0.471
0.437
0.469
0.453
0.454
0.407
0.440
0.414
0.421
0.401
0.400
0.409
0.385
0.462
0.477
0.614
0.460
0.687
0.521
0.557
0.610
0.572

0.537
0.442
0.589
0.467
0.456
0.509
0.506
0.544
0.493
0.546
0.536
0.547
0.527
0.502
0.503
0.513
0.529
0.597
0.758
0.588
0.611
0.558
0.564
0.568
0.594

D3-10-1
D3-10-2
D3-10-3
D3-10-4
D3-10-5
D3-50-1
D3-50-2
D3-50-3
D3-50-4
D3-50-5
D3-100-1
D3-100-2
D3-100-3
D3-100-4
D3-100-5
D4-10-1
D4-10-2
D4-10-3
D4-10-4
D4-10-5
D4-100-1
D4-100-2
D4-100-3
D4-100-4
D4-100-5

5.4. Effects of the threshold parameters
There are a parameters (thr) in the proposed method, which determine whether or not there is a
interaction or an edge between two genes in the reconstructed GRN. In order to evaluate the
impact of the parameters in our method, we performed simulations on dataset100 by calculating
SSmean with different values by fixing another parameter, and the simulated results are shown in
Fig 4.
From Fig 4, we found that the SSmean value increases gradually in the range 0 thr<0.6, and reaches
the highest value (SSmean = 0.961 and thr=0.58). The experimental results show that we should
select the suitable parameters for different datasets to obtain the best GRNs. In this section, the
proposed approach is compared with the several well-known approaches which are briefly
described as follows:

Table 3. Comparison of Data Error criterion of the proposed method with the existing methods to infer Dream3 and
Dream4 gene regulation networks
ICLA

ABC

CM12NI

RCGA

LASSOFCM

KFregular

CSFCM

KFCSFCM

dataset

0.0085
0.0109
0.0093
0.0095
0.0087
0.0165
0.0174
0.0173
0.0170
0.0195
0.0252
0.0282
0.0279
0.0282
0.0284
0.0152
0.0166
0.0107
0.0157
0.0173
0.0347
0.0334
0.0350
0.0316
0.0366

0.0077
0.0096
0.0088
0.0083
0.0070
0.0134
0.0132
0.0134
0.0137
0.0150
0.0312
0.0277
0.0284
0.0256
0.0269
0.0130
0.0132
0.0100
0.0124
0.0149
0.0394
0.0383
0.0381
0.0329
0.0319

0.0877
0.0574
0.0515
0.1064
0.0979
0.0578
0.0673
0.0749
0.0749
0.0720
0.0960
0.1046
0.1027
0.0893
0.0849
0.0705
0.0682
0.0578
0.0572
0.1083
0.1356
0.0847
0.1066
0.0900
0.1001

0.0133
0.0146
0.0140
0.0236
0.0201
0.0202
0.0172
0.0221
0.0213
0.0246
0.0263
0.0352
0.0380
0.0323
0.0307
0.0267
0.0245
0.0210
0.0220
0.0421
0.0463
0.0328
0.0404
0.0393
0.0445

0.0077
0.0088
0.0304
0.0470
0.0266
0.0241
0.0256
0.0339
0.0400
0.0352
0.0378
0.0399
0.0473
0.0401
0.0368
0.0153
0.0164
0.0130
0.0147
0.0129
0.0071
0.0087
0.0079
0.0077
0.0073

0.0077
0.0088
0.0097
0.0090
0.0074
0.0090
0.0085
0.0086
0.0085
0.0091
0.0087
0.0085
0.0087
0.0089
0.0090
0.0153
0.0164
0.0130
0.0147
0.0129
0.0071
0.0087
0.0079
0.0077
0.0073

0.0077
0.0092
0.0100
0.0090
0.0074
0.0091
0.0086
0.0086
0.0086
0.0091
0.0087
0.0085
0.0087
0.0089
0.0090
0.0154
0.0166
0.0132
0.0148
0.0131
0.0085
0.0102
0.0094
0.0092
0.0088

0.0075
0.0091
0.0101
0.0085
0.0070
0.0090
0.0085
0.0085
0.0085
0.0090
0.0087
0.0085
0.0087
0.0089
0.0090
0.0094
0.0100
0.0065
0.0079
0.0087
0.0029
0.0033
0.0029
0.0030
0.0027

D3-10-1
D3-10-2
D3-10-3
D3-10-4
D3-10-5
D3-50-1
D3-50-2
D3-50-3
D3-50-4
D3-50-5
D3-100-1
D3-100-2
D3-100-3
D3-100-4
D3-100-5
D4-10-1
D4-10-2
D4-10-3
D4-10-4
D4-10-5
D4-100-1
D4-100-2
D4-100-3
D4-100-4
D4-100-5

Figure 4. Effect of parameters (thr) for proposed method on Dream4
GENIE3, is an algorithm for inferring regulatory networks from expression data using tree-based
methods. The implementation of matlab codes by its authors and with default parameters and
protocols are used [25]. BMALR is an algorithm for inferring cellular regulatory networks with

Bayesian model averaging for linear regression algorithm. The author’s system code is used [31].
TIGRESS, this method solves the network inference problem by using a feature selection
technique (LARS) combined with stability selection. In the method Web-based platform is
performed [51]. G1DBN is a method based on dynamic Bayesian network [52]. MRNET algorithm
has been implemented by the minet package into R Language[21]. Jump3 [26] is based on a formal
on/off model of gene expression, but it uses a non-parametric procedure based on decision trees
(jump trees) to reconstruct the GRN topology. TIGRNCRN, genes with high correlation were
identified in one cluster using clustering, and the existence of edge between the genes in the cluster
was prevented. Finally, after the Bayesian network modelling, based on knowledge gained from
clustering, the refining phase and improving regulatory interactions using biological correlation
were done [32]. To have a better comparison, the ROC and PR curve has been drawn for two
networks100 in size selected from DREAM4 dataset (see Figure.5 and 6). As is evident from two
figures, the proposed method has produced better results compared to other methods. Further, the
PR curve has been shown in Fig.6. Based on PR curve, the proposed method has more acceptable
results. In these figures, the area under the diagrams of ROC and PR curves is greater than other
methods. This indicates that the proposed method has succeeded to achieve a balance between the
false negative and positive rates.
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Figure 5- ROC Curve for Common Methods of Inference in Networks 3 & 4
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Figure 6- PR Curve for Common Methods of Inference in Networks 3 & 4

6. Conclusion

In this paper, fuzzy cognitive map is used to infer gene regulatory network. It is capable of being
used in complex, uncertain and nonlinear networks. To learn the fuzzy cognition map, we have
used the Kalman filter and compressed sensing. The proposed method has the following
advantages:
Creating a spars network, stability against noise, creating a proper balance between data error and
network structure, ability to use prior knowledge. The proposed approach uses a novel method to
decrease the noise of data. The proposed method was compared to CSFCM, LASSOFCM,
KFRegular, ABC, RCGA, ICLA, and CMI2NI. The results show that the proposed approach is
superior to the other approaches in fuzzy cognitive maps learning.
Abbreviations
GRN: Gene Regulatory Networks
PPI: Protein-Protein Interaction
MI: Mutual Information
MRMR: Minimum Redundancy Maximum Relevance

EP: Expectation Propagation
LBN: local Bayesian network
BMALR: Bayesian Model Averaging and Linear Regression
FCM: Fuzzy Cognitive Map
CS: Compressed Sensing
KFCS-FCM : Filtered Kalman compressed sensing- Fuzzy Cognitive Map
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