Neural Comput & Applic (2013) 22:63–70
DOI 10.1007/s00521-011-0750-z

CONT. DEV. OF NEURAL COMPT. & APPLN.

Learning gene regulatory networks using the bees algorithm
Gonzalo A. Ruz • Eric Goles

Received: 16 February 2011 / Accepted: 20 September 2011 / Published online: 14 October 2011
 Springer-Verlag London Limited 2011

Abstract Learning gene regulatory networks under the
threshold Boolean network model is presented. To
accomplish this, the swarm intelligence technique called
the bees algorithm is formulated to learn networks with
predefined attractors. The resulting technique is compared
with simulated annealing through simulations. The ability
of the networks to preserve the attractors when the updating schemes is changed from parallel to sequential is
analyzed as well. Results show that Boolean networks are
not very robust when the updating scheme is changed.
Robust networks were found only for limit cycle length
equal to two and specific network topologies. Throughout
the simulations, the bees algorithm outperformed simulated
annealing, showing the effectiveness of this swarm intelligence technique for this particular application.
Keywords Swarm intelligence  The bees algorithm 
Simulated annealing  Boolean networks  Attractors

1 Introduction
In recent years, learning of gene regulatory network (GRN)
has caught the attention of the machine learning community. The problem can be described in a simple way: given
a set of gene expressions (data), find the most plausible
network that can contain those expressions. There are
several aspects that need to be defined when solving this
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problem. An important one is, what model will be used to
represent the GRN. For this, researches have proposed
several mathematical models: Boolean networks [10],
Probabilistic Boolean networks [26], Petri nets [28],
Bayesian networks [32], recurrent neural networks [14],
differential equations [8], linear regression [33], etc. The
robustness of the model should be considered as well to see
how it behaves in the presence of noise or external
perturbations.
For this work, a very simple deterministic model introduced by Stuart Kauffman [10] called Boolean networks
will be considered to represent GRN. In this network, each
node represents a gene that can take the values of 1 or 0
(active or inactive respectively). The edges represent the
direct influences between the genes. Also, each node has
associated a Boolean function that is used to compute the
dynamics of the network. Although this model was introduced more than 40 years ago, new theoretical and algorithmic results are constantly been reported [3, 5–7, 24]. An
interesting characteristic of the Boolean network are the
attractors that are the states of the network where each of
the possible 2n states, where n is the number of nodes in the
network, converge after some updates of the network.
Kauffman associated the attractors to different cell types,
and in other works [9], they have been considered as cancer
cells.
The construction (learning) of these models from data is
typically referred to as the reverse engineering problem
[1, 15]. It is a difficult task, since the structure of the
network as well as the Boolean function for each node must
be learned simultaneously. Also, the number of different
structures that can be found grow exponentially with the
number of genes as well as the number of states. So, given
the large search space, a meta-heuristic approach is of
interest. In the context of reverse engineering of GRN,
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evolutionary computation is the meta-heuristic technique
that has had the most attention. Several developments have
been reported, for example, genetic algorithms (GA) with
GRN modeled by an S-system [25], genetic programming
(GP) with GRN modeled by a combination of kinetic
equations, and recurrent neural networks [14], GA, with
GRN modeled by a multistate discrete network allowing
each node (gene) to have more than two states [21]. A
comparison of evolutionary algorithms (GA, GP, evolution
strategy, evolutionary programming, and differential evolution) with GRN modeled by the S-system and neural
networks was carried out in [27].
Other meta-heuristic methods such as simulated
annealing (SA) have been used as well. In [16], SA is used
to learn GRN modeled by Bayesian networks, and GRN
modeled by combinations of kinetic parameters that produce a desired behavior is presented in [29]. Threshold
Boolean networks constructed by SA is reported in [23];
results from this work showed that there is a power law
between the frequency of the networks that the SA found
and the number of the updating sequences which the network could preserve the cycle attractor. Swarm intelligence
has also been used for inference of GRN from data. Particle
swarm optimization (PSO) is used for the reconstruction of
gene networks modeled by recurrent neural networks
(RNN) in [30, 34]. Also, a hybrid of differential evolution
and PSO (DEPSO) for training RNN is investigated in [31].
Less work has been reported on the use of ants and bees. In
[11], an ant system is implemented to generate candidate
network structures, and in [22], the bees algorithm is used
to generate Boolean network examples to support a theorem presented in that work.
The bees algorithm (BA) was first introduced in [19] as
a swarm intelligence optimization technique that is inspired
in the food search strategies used by the honeybees. Since
then, it has been widely used for many engineering and
manufacturing applications such as: motion planning for a
robot arm [2], power dispatch [13], mechanical design
optimization [20], workload balancing in the examination
job assignment problem [4], etc.
In this paper, learning of GRN modeled by threshold
Boolean network using the bees algorithm is presented. In
particular, the bees algorithm is used to construct synthesizing networks with predefined properties, such as
attractors and limit cycle lengths. The proposed approach
will be used to conduct experiments to explore the behavior
of the networks when the updating scheme is changed from
parallel to sequential. Also, data of a known network,
reported in [17], will be used to construct networks with
predefined fixed points. The paper is organized as follows.
Section 2 gives a description of the Boolean network as
well as the bees algorithm. Section 3 presents the formulation of the bees algorithm to construct threshold Boolean
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networks with predefined properties. The experiment set up
is described in Sect. 4, and the results are shown in Sect. 5
The discussion of the results appear in Sect. 6 and the main
conclusions of the work are presented in Sect. 7.

2 Background
2.1 Boolean networks
Let x be a finite set of n variables, x = {x1, … , xn}, with xi [
{0,1} for i = 1, … , n. A Boolean network is a pair (G, F),
where G = (V, E) is a finite directed graph; V being the set
of n nodes and E the set of edges. F is a Boolean function, F :
{0,1}n?{0,1} composed of n local functions fi : {0,1}n?
{0,1}n. Furthermore, each local function fi depends only on
variables belonging to the neighborhood Vi = {j [ V|
(j,i) [ E}. The indegree, K, of vertex i is |Vi|.
The updating schemes are repeated periodically, and
since the hypercube is a finite set, the dynamics of the
network converges to attractors that are fixed points or
limit cycles, defined by
–
–

Fixed point: xt?1
= xti for {i = 1, … , n}.
i
Limit cycle: xt?p
= xti for { i = 1, … , n}.
i

where p [ 1 is a positive integer called the limit cycle
length.
For this work, the updates of each node will be computed by

xi ðt þ 1Þ ¼ fi ðxÞ ¼ u

n
X

!
xji xj ðtÞ  hi

ð1Þ

j¼1


uðxÞ ¼

1;
0;

if x [ 0
if x  0

ð2Þ

with xji [ {-1, 0, 1} the weight of the edge coming from
node j into the node i, and hi = 0 for all i. This model will
be called threshold Boolean network.
There are many ways of updating the values of a
Boolean network, for this paper, two are of interest:
1.
2.

Parallel or synchronous mode: where every node is
updated at the same time.
Sequential updating mode: where in every time step,
every node is updated in a defined sequence.

2.2 The bees algorithm
The bees algorithm (BA) uses a swarm intelligence
approach for function optimization and combinatorial
optimization problems. It was first introduced by [19] and
recently studied and compared to other meta-heuristic
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3.2 Definition of the fitness function

Table 1 The bees algorithm control parameters
ns

Number of scout bees

ne

Number of elite sites

nb

Number of best sites

nre

Recruited bees for elite sites

nrb

Recruited bees for best sites

ngh

Neighborhood size

maxi

Maximum number of iterations

The fitness function for the Boolean network B is given by
the deviation of the network output, defined by oi for each
node i, and the target value ci (cycle) for each node i, which
is computed by
n
1 XX
ðoi ðtÞ  ci ðtÞÞ2
pn t¼1 i¼1
p

algorithms in [18]. The algorithm is based on the honeybees’ food foraging process, where initially a group of
scout bees go out into the field to search for promising
flower patches rich in nectar. Then, they return to the
beehive to recruit other bees to collect the food; this is
carried out through the waggle dance process, which gives
the location (distance, direction) of the flower patch and the
amount of food available there. In the BA, each bee represents a candidate solution, the flower patch represents a
local search area, and the amount of food the bee collects
from the flower patch is the fitness value. The control
parameters, which need to be specified by the user, are
shown in Table 1.

fitnessðBÞ ¼

ð3Þ

where n is the number of nodes in the network, and p is the
cycle length.
3.3 Neighborhood search strategy
During the local search, each recruited bee for the elite or
best sites must generate a candidate solution, Xnew, based
on the current solution, Xold, corresponding to the scout bee
that found that site. For this, three simple neighborhood
search strategy are proposed. The pseudocodes appears in
Algorithms 1, 2, and 3. The ngh parameter of the BA
specifies the number of nodes that will be modified by the
search strategy.

Algorithm 1 Network local search A
Input: ngh, n, Xold

3 Methods

Output: Xnew

There are three parts that need to be defined when implementing the BA.
3.1 Coding of solutions
The solutions, networks (edges and weight values), are
coded using an adjacency matrix X, as shown in Fig. 1. The
initial Xj, j = 1, … , ns in the BA are generated randomly,
subject to any restriction, such as, indegree value K.

1 Xnew / Xold;
2 for i = 1, … , ngh do
3

x1 / 1 ? round((n - 1) * rand);

4

x2 / 1 ? round((n - 1) * rand);

5

y1 / 1 ? round((n - 1) * rand);

6

y2 / 1 ? round((n - 1) * rand);

7

If rand [ 0.5 then

8

Xnew (x1, y1) / 1;

9

else

10

Xnew (x1, y1) / -1;

11

end

12

Xnew (x2, y2) / 0;

13 end
X1

+1

-1
X2

Using the above definitions, the general bees algorithm
is shown in Algorithm 4.

-1 -1

3.4 Simulated annealing
Ω=

1
−1
0

(a)

0 −1
−1 0
−1 0

-1
X3

(b)

Fig. 1 a Adjacency matrix X of a network, and b resulting network

During the simulations, the BA will be compared with
simulated annealing. The simulated annealing (SA) algorithm [12] is based on the annealing treatment of solids
consisting in the physical process of heating up a solid until
it melts and cooling it down slowly until it crystallizes,
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Algorithm 2 Network local search B

Algorithm 4 The bees algorithm for learning threshold Boolean
networks

Input: ngh, n, Xold
Output: Xnew
1 Xnew / Xold;
2 for i = 1, … , ngh do
3

x / 1 ? round((n - 1) * rand);

4

y1 / 1 ? round((n - 1) * rand);

5

y2 / 1 ? round((n - 1) * rand);

6

If rand [ 0.5 then

7

Xnew (x, y1) / Xold (x, y2);

8

Xnew (x, y2) / Xold (x, y1);

9
11
12

Output: Threshold Boolean network X
1 Initialize a random population Xi, for i = 1, … , ns
2 Evaluate each candidate solution Xi in the fitness function;
3 iter / 0;
4 While iter \ maxi do
Search for nre candidates in the neighborhood of the first ne
fittest solutions;
6
Search for nrb candidates in the neighborhood of the
[ne ? 1, ne ? nb] fittest solutions;
5

7

Search for ns - (nre ? nrb) candidates randomly;

Xnew (x, y1) / -Xold (x, y2);

8

Evaluate each new candidate solution in the fitness function;

Xnew (x, y2) / Xold (x, y1);

9

if the fittest solution = 0 then

else

10

Input: ns, ne, nb, nre, nrb, ngh, maxi, cycle

end

10

13 end

Break;

11

end

12

iter / iter ? 1;

13 end
Algorithm 3 Network local search C
Input: ngh, n, Xold
Output: Xnew
1 Xnew / Xold;
2 for i = 1, … , ngh do
3
4
5

x / 1 ? round((n - 1) * rand);
y / 1 ? round((n - 1) * rand);
for j = 1, … , n do
(x, j) / 0

6

X

7

end

8

if rand [ 0.5 then
X

9
10

new

(x, y) / 1

else
X

11
12

new

new

(x, y) / -1




DE
ngh ¼ round ngh exp
mT

ð4Þ

where DE is the difference between the fitness value of
the current and the newly candidate solution. If
ngh \ 1, then ngh is set to 1.
4. Cooling schedule: For this work, the standard geometric cooling rule is used. This rule updates the
temperature T by
Tðt þ 1Þ ¼ aTðtÞ

ð5Þ

where a \ 1 is the cooling rate which is constant. In
this work, the temperature is not decreased after each
iteration, instead, (5) is applied every 10 iterations.

end

13 end

4 Experiment setup
changing the properties of the solid. The SA algorithm is
used to solve optimization problems that can be formulated
as the annealing process, where the states of the solid
represents the feasible solutions of the optimization problem, the energy of the states correspond to the objective
function value of the solutions, and the minimum energy
corresponds to the optimal solution to the problem. To
formulate the present problem into the annealing process,
four parts are required to be defined.
1.
2.
3.

Coding of solutions: the same as for BA
Definition of the fitness function: the same as BA
Neighborhood search strategy: the same as BA, but
additionally, at each iteration, m, of the SA algorithm,
the ngh decreases, following
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To evaluate the performance of learning GRN under the
threshold Boolean network model using the bees algorithm,
two different simulations are carried out.
4.1 Simulation 1
In this simulation, the BA is used to learn threshold
Boolean networks with predefined fixed point attractors.
The data in this simulation are the six attractors of the
model of floral morphogenesis in Arabidopsis thaliana
proposed in [17]. The model consists in twelve interacting
chemical species, designated by EMF1, TFL1, LFY, AP1,
CAL, LUG, UFO, BFU, AG, AP3, PI, and SUP. The BFU
species is a dimer of the AP3 and PI proteins, all the rest
are proteins as well. The six attractors are (000000001000,

Neural Comput & Applic (2013) 22:63–70
1000
Simulated Annealing
Bees Algorithm

900

Frequency of networks

000000011110, 000100000000, 000100010110, 11000000
0000, 110000010110). 1,000 runs of the BA and the SA
algorithm were carried out, and the resulting network of
each run was recorded to verify whether it was capable of
learning the six fixed points. The parameters for the BA
and the SA were found empirically after several runs based
on the effectiveness of learning the network and the execution time. For the BA: ns = 20, ne = 5, nb = 10, nre
= 20, nrb = 10, ngh = 2, maxi = 100. For the SA
algorithm: m = 1,000, ngh = 11, a = 0.7, T(0) = 100,
where T(0) is the initial temperature. For both algorithms,
network local search A was used. No restriction on the
indegree K is given. The fitness value was computed as the
sum of the evaluation of each fixed point in (3).
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4.2 Simulation 2
This simulation is oriented to study the robustness of the
networks. We are interested in exploring what happens to
the limit cycle attractors of a network found in a parallel
updating mode, when the updating scheme is changed to a
sequential one. Is the limit cycle always preserved? Is it
always destroyed? Does the network topology (indegree K)
influence the outcome? These are some of the questions we
are looking to answer through this simulation.
In this case, networks of n = 6 are learned with predefined attractor cycles of length p = 2, 3, 4, and 5. Also
K = 1, 2, 3, 4, 5, and 6 are considered. The output o of the
candidate solution, to be used in (3), is computed using a
parallel updating scheme. For each pair of p and K, 100
different limit cycles, one per network, are considered to be
learned. The limit cycles are generated randomly, but each
variable in the limit cycle is non-constant. Then, the networks, which were capable of learning the limit cycle, are
tested using a sequential updating mode where all the
possible sequences are considered, that is, 6! = 720, and
the networks, which preserved the limit cycle (at least in
one of all the possible permutations), are recorded.
The parameters of the BA are the same as in simulation
1. The parameters for the SA algorithm are: m =
500, ngh = 5, a = 0.7, and T(0) = 100.
For both algorithms, when indegree K = 1, network
local search C was used, while, for K [ 1 network local
search B was used.

5 Results
5.1 Results for simulation 1
The six attractors that needed to be learned by the threshold
Boolean networks in simulation 1 are composed of 72 bits

Fig. 2 Frequency of networks found by the SA algorithm and the BA
for the six fixed points of the Arabidopsis thaliana model

(6 fixed points 9 12 nodes). Out of the 1,000 runs of the
BA and the SA algorithm, the results are shown in Fig. 2.
The x-axis represent the number of bits the networks failed
to predict out of the 72, and the y-axis represents the frequency of the networks found. Notice how the BA algorithm was capable of learning the 6 attractors for the 1,000
runs. The BA obtained networks that had indegree average
of 4.5, whereas the SA algorithm had indegree average of
6.2.

5.2 Results for simulation 2
For the resulting figures in this simulation, the x-axis represent the indegree K of the network and the y-axis represents the frequency of the networks found.
5.2.1 Limit cycle length p = 2
Figure 3 shows the results for this case. P/S represents the
networks that were capable of preserving the limit cycle
when the updating scheme is changed from parallel to
sequential. Figure 4 shows a resulting P/S network from the
BA for K = 3. This network has the limit cycle
(101001,010110) in parallel updating mode, and it can preserve it when the updating mode is changed to sequential, for
the following updating sequence: 6-5-4-2-3-1. Figure 5
shows another resulting P/S network for K = 5. In this case,
the network has the limit cycle (000010,111101) in parallel
updating mode and for the sequential mode, for the following
sequence: 4-1-6-3-5-2.
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-1
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Fig. 3 Frequency of networks found with limit cycle length p = 2.
SA simulated annealing, BA bees algorithm, P/S networks that
preserve the cycle when the updating mode is changed from parallel
to sequential

+1

X4
+1 -1
X2

5.2.2 Limit cycle length p = 3
In this case, no networks were found that could preserve
the limit cycle when the updating mode is changed from
parallel to sequential (P/S), as shown in Fig. 6.

+1

-1

Fig. 5 Resulting network with K = 5 using the BA. This network
has the same limit cycle (000010,111101) in parallel and in sequential
mode for the updating sequence: 4-1-6-3-5-2
90
SA
BA

80
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Frequency of networks

X1
+1
X2

+1
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+1

X4
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50
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1

-1

+1

+1
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-1

2
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4

5

6

Indegree K
Fig. 6 Frequency of networks found with limit cycle length p = 3.
SA simulated annealing, BA bees algorithm

+1
+1

+1

-1

Fig. 4 Resulting network with K = 3 using the BA. This network
has the same limit cycle (101001,010110) in parallel and in sequential
mode for the updating sequence: 6-5-4-2-3-1
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5.2.3 Limit cycle length p = 4
Results for this case are shown in Fig. 7. No P/S network
were found.
5.2.4 Limit cycle length p = 5
Similar to the previous simulations, no P/S networks are
found as shown in Fig. 8.
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Fig. 7 Frequency of networks found with limit cycle length p = 4.
SA simulated annealing, BA bees algorithm
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accomplish the same results. This shows that for this
application, a swarm intelligence approach (many bees) for
searching the solution in each iteration obtains better
results than the SA approach that considers only one candidate solution in each iteration.
For simulation 1, since the attractors were fixed points,
no exploration was carried out regarding the effect of
changing the updating mode. It is straightforward to show
that fixed points are preserved for any updating mode.
Analyzing the results of simulation 2, one can point out
that the fact that no P/S networks were found for K B 2 is in
accordance with the theorem proved in [22], which states that
given a Boolean network B = (G, F) of n variables with
G strongly connected and K B 2, any limit cycle of B found
in a parallel updating mode of length p C 2 where each
variable in the limit cycle is non-constant cannot be preserved if the updating mode is switched to sequential mode.
It is important to point out that during the simulations, only
strongly connected networks were considered.
P/S networks were only found for p = 2 with K = 3 and
K = 5. Also, P/S networks are \30% of the total networks
found in K = 3 and K = 5 for p = 2. It is clear from the
figures that as the limit cycle grew, the frequency of networks found reduced. Both SA and BA had difficulties to
find networks when K = 1 for p [ 2. In fact SA could not
find any and BA only found one network for p = 3.
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7 Conclusion
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Fig. 8 Frequency of networks found with limit cycle length p = 5.
SA simulated annealing, BA bees algorithm

6 Discussion
In general, the BA outperformed the SA algorithm in the
task of learning threshold Boolean networks with predefined attractors (fixed points and limit cycles) as seen in the
results of simulation 1 and 2. This is interesting because,
although both algorithms share the same coding of solutions, local search strategies, fitness function, the BA
obtained significantly better results, both in the actual
number of solutions found as well as the solutions itself.
Notice how in the results of simulation 1, the average indegree of the networks found by the BA were less than the
SA algorithm, meaning that more compact solutions were
found using BA than SA, requiring less edges to

The formulation of the bees algorithm for learning GRN
under the threshold Boolean network is presented. This is
the first time, to our knowledge, that the algorithm is fully
detailed for this application and used to carry out simulations of many Boolean networks. Comparisons with simulated annealing showed that the bees algorithm obtained
more solutions, making this swarm intelligence technique
promising for this application. In general, the threshold
Boolean networks are not very robust, when the updating
scheme is changed, it was shown that most of the time, the
limit cycle is destroyed when the network changed its
updating mode from parallel to sequential.
Future research will consider comparisons with other
techniques, as well as studying robustness with less
restrictions, for example, instead of preserving the exact
limit cycle, we will consider vectors of attractors and
explore what happens to each vector when changing the
updating scheme.
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