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Abstract: There are several mathematical models to represent gene regulatory 
networks, one of the simplest is the Boolean network paradigm. In this paper, 
we reconstruct a regulatory network of bacterial quorum-sensing systems, in 
particular, we consider Paraburkholderia phytofirmans PsJN which is a plant 
growth promoting bacteria that produces positive effects in horticultural crops 
like tomato, potato and grape. To learn the regulatory network from temporal 
expression pattern of quorum-sensing genes at root plants, we present a 
methodology that considers the training of perceptrons for each gene and then 
the integration into one Boolean regulatory network. Using the proposed 
approach, we were able to infer a regulatory network model whose topology  
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and dynamic exhibited was helpful to gain insight on the quorum-sensing 
systems regulation mechanism. We compared our results with REVEAL and 
Best-Fit extension algorithm, showing that the proposed neural network 
approach obtained a more biologically meaningful network and dynamics, 
demonstrating the effectiveness of the proposed method. 

Keywords: gene regulatory networks; quorum-sensing systems; Boolean 
networks; neural networks; network inference. 
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1 Introduction 

Bacteria can sense and respond to environmental changes. This adaptation process 
requires to integrate the information from multiple environmental inputs, and cells have 
developed elaborated signalling networks to achieve this (Mehta et al., 2009). One of 
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these networks is the Quorum sensing (QS) system. The QS system is an important 
global gene regulatory mechanism in bacteria that enables bacterial population 
communication and coordinates their behaviour (Duan and Surette, 2007). QS systems 
are encoded by two genes: the synthase gene whose product generates the signal and the 
receptor (or regulator) gene whose product responds to the signal and subsequently 
regulates target genes. In Gram-negative bacteria, the N-acyl-homoserine lactones (AHL) 
signal molecules are frequently synthesised to communicate through QS (Whitehead  
et al., 2001). QS is triggered when high external AHL concentrations, produces by 
synthase, reach a critical threshold concentration and bind and activate the QS regulator, 
which regulates the expression of target genes. Under typical laboratory conditions, the 
critical determinant in QS is therefore the activity of the synthase and the receptor 
(Mehta et al., 2009). Syntheses from various species of bacteria produce different AHL 
signals, and their corresponding regulators generally bind their cognate AHL with 
varying levels of specificity (Davis et al., 2015). 

There have been several mathematical and expert systems related approaches to 
model gene regulatory networks (GRNs) such as: Boolean networks (Kauffman, 1969), 
Probabilistic Boolean networks (Shmulevich and Dougherty, 2009; Zhang et al., 2007), 
Petri nets (Steggles et al., 2006), Answer Set Programming (Fayruzov et al., 2011), 
Bayesian networks (Yu et al., 2004), recurrent neural networks (Lee and Yang, 2009), 
differential equations (Hoon et al., 2003), and linear regression (Zhang et al., 2010). 

One of the simplest models corresponds to Boolean networks. This model was 
introduced by S. Kauffman (1969), where the nodes represent the genes and the edges 
represent regulatory relations. Each gene can be either active (node value 1) or inactive 
(node value 0). The dynamics of the network (how the nodes change/update their values) 
is governed by Boolean functions for each node and an updating scheme, typically the 
synchronous (parallel) updating scheme where in each time step (discrete) all the nodes 
update their values at the same time. Of course, there are other deterministic and non-
deterministic updating schemes, see Aracena et al. (2009) for more details. 

For a Boolean network with n nodes, that can either be active or inactive, there are 2n 
states (configurations). Each one of these states converges eventually to a steady state of 
the network, also known as attractors. There are two types of attractors: fixed points and 
limit cycles. A fixed point is a state where once the network reaches that state it stays in 
that configuration forever. A limit cycle is a set of states that are revisited with a certain 
periodicity. 

In the context of GRNs, attractors are important since they represent different cell 
types, i.e, cell types at the end of development. For example, in Mendoza and Alvarez-
Buylla (1998), a BN model of the floral morphogenesis in Arabidopsis thaliana is 
proposed. The BN consists of 12 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. This model 
contains 6 fixed points attractors: (1) {000100000000} , (2) {000100010110} , (3) 

{000000001000} , (4) {000000011110} , (5) {110000000000} , (6) {110000010110} . 

Each one has associated a cell type: (1) sepal, (2) petal, () carpel, (4) stamen, (5) 
inflorescence, (6) mutant (unobserved cell). It has also been reported in other works, that 
attractors have been considered as cancer cells (Huang, 2006). 
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An alternative to the traditional Boolean network (with logic gates), that has become 
more common, is the threshold Boolean network version, which considers weights for 
the edges and threshold values for each node, then the update is carried using a Boolean 
Heaviside function that depends linearly on its inputs (Li et al., 2004; Davidich and 
Bornholdt, 2008; Goles et al., 2013; Ruz et al., 2014a; Ruz et al., 2015). 

Well known techniques to reconstruct Boolean networks models from binary gene 
expression data include REVEAL (Liang et al., 1998) and the Best-Fit extension 
algorithm (Lahdesmaki et al., 2003) as well as metaheuristics approaches such as 
simulated annealing (Ruz and Goles, 2010), swarm intelligence (Ruz and Goles, 2013; 
Ruz et al., 2012; Ruz and Goles, 2012), genetic algorithms (Ruz et al., 2015), differential 
evolution (Ruz et al., 2017), and evolution strategy (Ruz and Goles, 2014; Ruz et al., 
2014b; Ruz et al., 2016), amongst others. 

It is important to highlight that the QS systems operate under a threshold mechanism, 
thus, they could be modelled by linear classifiers (such as perceptrons), without the need 
of using more complex models. Therefore, in this paper we propose an approach to infer 
Boolean networks by means of neural network learning. We first apply the proposed 
methodology on a benchmark problem such as the reconstruction of the fission yeast cell 
cycle network (Davidich and Bornholdt, 2008). Then, we proceed to infer a regulatory 
network of QS systems in bacterium Paraburkholderia phytofirmans PsJN. In both cases, 
we compare our results with networks inferred by REVEAL and Best-Fit, showing that 
the networks inferred using neural network learning are consistent with the real 
biological models. 

The rest of the paper is organised as follows. Section 2 gives a brief background on 
Boolean networks, the plant growth promoting bacteria, and QS systems used in this 
work. The proposed regulatory network inference using neural networks, the description 
of the fission yeast cell cycle network model used as a benchmark problem, the 
acquisition of temporal expression pattern of quorum-sensing genes, and pre-processing, 
is presented in Section 3. Results and discussions are elaborated in Section 4, and final 
conclusions and future work are given in Section 5. 

2 Background 

2.1 Boolean networks 

Let x be a finite set of n variables, 1= { , , }nx x x , with {0,1}ix   for = 1, ,i n . A 

Boolean network is a pair ( , )G F , where = ( , )G V E  is a finite directed graph; V being 

the set on n nodes and E the set of edges. F is a Boolean function, :{0,1} {0,1}n nF   

composed on n local functions :{0,1} {0,1}n
if  . Additionally, each local function fi 

depends only on variables belonging to the neighbourhood = { | ( , ) }iV j V j i E  . 

An example of a BN with = 3n  is shown in Figure 1(a). The updating rules (local 
Boolean functions) are:  

1 2( 1) = ( )x t x t  

2 1 3( 1) = ( ) ( )x t x t x t   

3 1( 1) = ( )x t x t   
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Figure 1 Example of a Boolean network. (a) network representation, (b) state transition table 
showing the dynamics of the network for the parallel updating mode 

X1

X2

X3

Input Output
X1 X2 X3 X1′ X2′ X3′

0 0 0 0 0 1
0 0 1 0 0 1
0 1 0 1 0 1
0 1 1 1 0 1
1 0 0 0 0 0
1 0 1 0 1 0
1 1 0 1 0 0
1 1 1 1 1 0

 

 (a) (b) 

The output of the network or dynamics, for the 32 = 8  possible states, appears in  
Figure 1(b) considering the parallel updating mode. 

The updating schemes are repeated periodically, and since the hypercube is a finite 
set, the dynamics of the network converges to attractors which are fixed points or limit 
cycles, defined by 

 Fixed point: ( 1) = ( )i ix t x t  for = {1, , }i n .  

 Limit cycle: ( ) = ( )i ix t p x t  for = {1, , }i n .  

where > 1p  is a positive integer called the limit cycle length. The set of states that can 

lead the network to a specific attractor is called the basin of attraction. For the example in 
Figure 1, we notice that the network has one fixed point {001}  and one limit cycle of 

length 2 {010,101} , when the parallel updating scheme is used. 

There are many ways of updating the values of a Boolean network, some examples 
are (Aracena et al., 2009):  

 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.  

 Block-sequential: the set of nodes, for a given sequence, is partitioned into blocks. 
The nodes in a same block are updated in parallel, but blocks follow each other 
sequentially.  

 Asynchronous deterministic: where in every time step, only one node is updated 
following a defined sequence.  
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As discussed in the introduction, it has become more popular to use the threshold 
Boolean network version, where updates of each node are computed by  

=1

( 1) = ( ) = ( )
n

i i ij j i
j

x t f x H x t 
 

  
 
  (1) 

1, 0
( ) =

0, < 0

if z
H z

if z





 

with ij  the weight of the edge coming from node j into the node i, and i  the activation 

threshold of node i. The weights and thresholds are the network’s parameters. 
The reconstruction or inference of Boolean networks from data is a difficult problem, 

since the search space for possible solutions increases with the number of nodes. Indeed, 
following Haider and Pal (2012), the number of possible Boolean networks with n nodes 

is 2(2 )
nn . Alternatively, if we define a Boolean network with truth tables, than this 

requires the search for 2nn  parameters (1’s and 0’s), defining the total number of 

distinct truth tables as 22
nn . If we consider experimental data for the reconstruction 

problem, for example, L transitions, then the total number of distinct truth tables can be 

reduced to (2 )2
nn L  , which is still a huge search space considering that L is typically only 

a small fraction of the total number of states. For example, let us consider, = 5n  and 
= 6L  like the reconstruction of QS networks presented later on. The search space in this 

case is 
55 (2 6) 392 1.36 10    . Additionally, to help reduce the search space, restrictions on 

the number of connectivity (indegree for each node) can be considered (see Haider and 
Pal, 2012 for more details). An interesting property, if we consider threshold Boolean 
networks for the reconstruction problem, is that, while conventional Boolean networks 
are specified by truth tables, threshold Boolean networks are specified by equation (1), 
which models genetic relationships with significantly less parameters, which is desirable 
in cases where the search space is large. In particular, the reconstruction of threshold 
Boolean networks requires the search for ( 1)n n   parameters, i.e., ( 1)n   parameters 

per node, instead of 2n parameters per node in a Boolean network. For the reconstruction 
of QS networks, this means that if we use Boolean networks, this implies defining 

55 2 = 160  parameters, instead of defining only 5 6 = 30  parameters if we consider 
threshold Boolean networks (like the proposed neural network approach). 

2.2 Paraburkholderia phytofirmans PsJN and QS systems 

The Burkholderia genus has been well defined as a phenotypic, metabolic and 
ecologically diverse bacterial lineage with their members inhabiting diverse niches 
(Coenye and Vandamme, 2003; Pérez-Pantoja et al., 2012; Suárez-Moreno et al., 2012). 
In Burkholderiales, the QS system regulates important phenotypic traits, principally 
those involved in colonisation and niche invasion, in both pathogen and beneficial 
species (Malott et al., 2009; Gamage et al., 2011; Choudhary et al., 2013). Recently, 
twenty species of Burkholderia have been proposed as belonging to a separate genus: 
Paraburkholderia (Sawana et al., 2014). Paraburkholderia genus share a conserved AHL 
based QS system, designated BraI/RsaL/BraRkur, because it was firstly reported in P. 
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kururiensis (Suárez-Moreno et al., 2012). The BraI/RsaL/BraRkur QS system responds to 
3-oxo-C14-AHL and it has a regulatory protein named RsaL that repress the transcription 
of the N-acyl-homoserine-lactone synthase encoded by braI gene (Suárez-Moreno et al., 
2012). Paraburkholderia phytofirmans PsJN is a plant growth promoting bacteria that 
establishes rhizospheric and endophytic colonisation in different plants and produce 
positive effects in horticultural crops like tomato, potato and grape (Compant et al., 2008; 
Theocharis et al., 2012). P. phytofirmans PsJN possesses, in its genome, a conserved 
BraI/RsaL/BraR QS system (named BpI.2/RsaL/BpR.2) that produces 3-oxo-C14-AHL, 
and an additional QS system named BpI.1/BpR.1, which produces 3-OH-C8-AHL, and is 
present in only a few of the plant beneficial environmental Paraburkholderia spp. 
(Coutinho et al., 2013). To date, no evidence has been reported relating both QS system 
in a hierarchical connection (Choudhary et al., 2013). Determination of the dynamic 
behaviour and interplay of both P. phytofirmans PsJN QS systems may provide a way to 
control and improve beneficial associations with plants. 

3 Methods 

3.1 Neural network approach for regulatory network reconstruction 

For learning purposes, a threshold Boolean network with n nodes can be decomposed 
into n single-layer networks. Moreover, if we consider an extra input which is always on, 

0 = 1x , and 0 =i iw  , then the output of each node expressed in (1), can be computed as  

=0

( 1) = ( ) .
n

i ij j
j

x t H x t
 

  
 
  (2) 

Equation (2) therefore represents single-layer networks with threshold activation 
functions, which were studied by Rosenblatt (1962) who called them perceptrons. A 
representation is shown in Figure 2.  

Figure 2 The perceptron network used to train a threshold Boolean regulatory network 
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The learning algorithm for the perceptron is as follows  

1 Initialise all the weights to zero (or a small random number)  

2 For each k-th data point (training sample)   

(a) Calculate the output value using (2)  

(b) Update the weights using the following rule  

 = k k k
j j jw w Target Output x   (3) 

where   is a learning rate. The learning rule is cycled through the training patterns until 
convergence. In this work, the above learning rule has to be applied to each node of the 
Boolean network, where the Target corresponds to the value of the node at 1t  . 

To illustrate this approach, lets us consider the toy problem of Figure 1. For this case, 
we need to train three perceptrons. The training data will correspond to the different 
combinations of the values of 1X , 2X , and 3X  at time t, and, for perceptron 1, the 
output will be the values of 1X  , which corresponds to the values of 1X  at time 1t  , 
perceptron 2 and 3, use 2X   and 3X   as outputs respectively. This approach can also be 
seen as training three classifiers for a binary classification problem. Since we are 
interested in the interactions of the nodes (genes), we will consider initial weights to 0, 
therefore, weights that are not required or are irrelevant (since the output is the same as 
the target) given the perceptron learning rule, will remain 0, and only the ones which are 
relevant will have a value different from 0. We will consider = 0.1 . The resulting 
perceptrons and the final threshold Boolean network are shown in Figure 3. 

Figure 3 Perceptrons trained with the data of the toy model in Figure 1 and the resulting 
threshold Boolean network model 

 

We will apply this neural network approach first to reconstruct the fission yeast cell cycle 
network (Davidich and Bornholdt, 2008), and then to to reconstruct a regulatory network 
model of QS systems in P. phytofirmans PsJN. 
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The results will be compared with the networks inferred by an information theoretic 
approach called REVEAL (Liang et al., 1998), which computes mutual information 
between genes to identify relations between them, and the Best-Fit extension algorithm 
(Lahdesmaki et al., 2003), which performs an exhaustive search for regulatory genes 
considering all the possible combinations for a target gene and finds the best solution 
(function) that minimises the errors. The implementations in the R package BoolNet 
(Müssel et al., 2010) will be considered. 

3.2 Fission yeast cell cycle network 

As a benchmark dataset to test and compare our proposed approach we will consider the 
Boolean trajectory of the sate vectors defining the fission yeast cell cycle (Table 1) from 
the Boolean network model of Davidich and Bornholdt (2008). This model is composed 
by ten nodes as shown in Figure 4. The gene updates are computed by a variant of 
equation (2), as defined in Davidich and Bornholdt (2008): 

=1

=1

=1

=1

( 1) =

0, < 0

= 1, > 0

( ), = 0

n

i ij j i
j

n

ij j i
j

n

ij j i
j

n

i ij j i
j

x t u w x

if w x

if w x

x t if w x









 
  

 




 


 










 (4) 

Figure 4 The fission yeast cell cycle network. The solid edges represent positive weights, and the 
dashed edges represent negative weights 
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The weight matrix and the threshold vector used in equation (4) to generate the same 
dynamics exhibited in Davidich and Bornholdt (2008) can be found in Goles et al. 
(2013). Using the synchronous updating mode, the cell cycle is modelled by starting from 
an initial state vector at time = 1t  and then the dynamics of the network produces 
sequences of state vectors until = 10t , where the network converges to a fixed point 
which represent the 1G  phase. Details of the previous sequences are shown in Table 1. 

Table 1 Temporal evolution of sate vectors defining the fission yeast cell cycle 

Time Start SK Cdc2/ 
Cdc13 

Ste9 Rum1 Slp1 Cdc2/
Cd13* 

Wee1/
Mik1 

Cdc25 PP Phase 

1 1 0 0 1 1 0 0 1 0 0 START 

2 0 1 0 1 1 0 0 1 0 0 G1 

3 0 0 0 0 0 0 0 1 0 0 G1/S 

4 0 0 1 0 0 0 0 1 0 0 G2 

5 0 0 1 0 0 0 0 0 1 0 G2 

6 0 0 1 0 0 0 1 0 1 0 G2/M 

7 0 0 1 0 0 1 1 0 1 0 G2/M 

8 0 0 0 0 0 1 0 0 1 1 M 

9	 0	 0	 0	 1	 1 0 0 1 0 1	 M	
10 0 0 0 1 1 0 0 1 0 0 G1 

To compare our proposed method with REVEAL and Best-Fit, we will use the data from 
Table 1 to infer synthetic yeast cell cycle networks. We will first compare the resulting 
topologies (structures) with the original network of Figure 4 which we will call YeastNet, 
through the well-known measures: precision, recall, and accuracy as in Barman and 
Kwon (2017). Precision is defined as the fraction of correctly inferred connections out of 
all the predictions, computed by:  

= ,
TP

Precision
TP FP

 (5) 

where TP  (true positive) and FP  (false positive) are the numbers of correctly and 
incorrectly predicted connections, respectively. Recall is the fraction of inferred 
connections among the true connections in YeastNet, computed by:  

= ,
TP

Recall
TP FN

 (6) 

where FN  (false negative) is the number of non-inferred connections in YeastNet. 
Finally, topology accuracy is the fraction of correct predictions, computed by:  

= ,
TP TN

Topology accuracy
TP FP FN TN


  

 (7) 
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where TN (true negative) is the number of correct negative predictions, i.e., correct 
predictions of non-existing connections in YeastNet. Also, precision and recall can be 
combined in a single measure known as the F-score:  

2
= .

precision recall
F score

precision recall

 



 (8) 

In addition to topology evaluation, we will compare the dynamics of the inferred 
networks with the complete dynamics of YeastNet. The inferred networks should 
replicate the dynamics shown in Table 1, but the complete state transition table consists 
in 102 = 1024  configurations. Therefore, let ( , )YeastNet i j  represent an update  

(or output) of gene j, with = 1, ,10j  , of YeastNet for an input state (configuration) i, 

with = 0, ,1023i  , and ( , )InfNet i j  represent an update of gene j of a network inferred 

by one of the three techniques for an input state i. Then the dynamics accuracy (the 
fraction of correct predictions at the bit level) can be computed by:  

 
1023 10

=0 =1

1
= ( , ), ( , ) ,

1024 10 i j

Dynamics accuracy I YeastNet i j InfNet i j
   (9) 

where ( , )I a b  is an indicator function that returns 1 if a is the same as b, or 0 otherwise. 

3.3 QS systems data acquisition and pre-processing 

To address the function of QS systems in bacterial colonisation (first step in plant growth 
promotion), we evaluated the temporal expression profile of QS genes in the PsJN wild 
type strain after its inoculation in A. thaliana roots. We inoculated the roots of 14 days 
hydroponically grown A. thaliana plants, with 41 10  cells of PsJN wild type strain, and 
then took culture samples after 0, 5 and 30 min, 1, 2, 24 and 48 h. To extract RNA, we 
took 4 ml of each culture, using RNA protect bacteria reagent and RNeasy Mini Kit 
(QIAGEN, Chatsworth, CA, USA). The RNA was quantified using a GeneQuant 1300 
Spectrophotometer (GE Healthcare, Piscataway, NJ, USA) and treated with TURBO 
DNase Kit (Ambion, Austin, TX, USA) to remove DNA contamination. The cDNA 
synthesis was performed using ImProm-II Reverse Transcription System (Promega 
Corporation, Madison, WI, USA), with 1 μg of RNA in 20 ml reactions. 

RT-PCR was performed using the Brilliant SYBR Green QPCR Master Reagent Kit 
(Agilent Technologies, Santa Clara, CA, USA) and the Eco Real-Time PCR detection 
system (Illumina, San Diego, CA, USA). The PCR mixture (15 μl) contained 2.0 μl of 
template cDNA (diluted 1:10) and 140 nM each primer. Amplification was performed 
under the following conditions: 95 for 10 min; followed by 40 cycles of 94 for 30 s, 60 
for 30 s, and 72 for 30 s; followed by a melting cycle from 55 to 95. Relative gene 
expression calculations were conducted as described in the software manufacturer’s 
instructions: an accurate ratio between the expression of the gene of interest (GOI) and 
the housekeeping (HK) gene was calculated according to the expression 2-( CtGOI-
HK). Then, gene expression levels were normalised to the average value of the 
expressions in the control treatment. 16S rRNA (Bphyt_R0071 locus) was used as a HK. 
qRT-PCR analysis primer pairs for bpI.1 (Bphyt_0126), bpI.2 (Bphyt_4275), bpR.1  
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(Bphyt_0127), bpR.2 (Bphyt_4277) and rsaL (Bphyt_4276) genes were used. The 
following step was to binarise the data, this was carried out by applying k-means 
clustering with = 2k . The resulting Boolean trajectory is shown in Table 2.  

Table 2 Temporal evolution of sate vectors used to reconstruct a regulatory network of 
bacterial quorum-sensing systems 

Time bpI.1 bpI.2 bpR.1 bpR.2 rsaL 

1 0 0 0 0 0 

2 0 1 1 0 1 

3 0 0 1 0 0 

4 1 0 1 0 0 

5 1 0 1 0 1 

6 1 0 1 1 1 

7 0 0 1 0 1 

4 Results and discussions 

4.1 Reconstruction of fission yeast cell cycle networks 

The resulting networks inferred by REVEAL, Best-Fit, and the proposed neural network 
approach are shown in Figures 5, 6, and 7 respectively. We can notice from these figures 
that the neural network approach has more edges and visually resembles more the 
original network of Figure 4. The performance measures computed from these networks 
are shown in Table 3. This table shows that REVEAL obtains the best precision, then 
Best-Fit and the neural network approach are comparable. Whereas, the neural network 
method obtained the best result in recall, significantly better than the other two 
approaches. Considering the two measures, precision and recall, the neural network 
approach presents a good compromise between them, this is supported by the F-score 
obtaining the highest value out of the three approaches. Also, the topology accuracy 
confirms that the neural network approach obtained the best prediction of the network 
structure. In relation to the dynamics, the three inferred networks are capable of 
replicating the Boolean trajectory shown in Table 1 with no errors, ending in the fixed 
point of the state shown at = 10t . If we consider the entire state transition table, with 
1024 configurations, then the dynamics accuracy obtained by the three models are 
similar, being Best-Fit the best as shown in Table 3. The original model YeastNet has  
13 attractors (12 fixed points and 1 limit cycle of length 3). Of particular interest is the 
fixed point shown in Table 1 at = 10t  which corresponds to the value 100, in decimal 
representation, and that represents the 1G  phase in the cell cycle with the largest basin of 

attraction of 762 configurations. For the network inferred by REVEAL, all the 
configurations converge to fixed point 100. When using Best-Fit, the configurations 
converged to two fixed points: 1022 configurations converged to fixed point 100, and the 
remaining 2 states converged to fixed point 36 (also present in YeastNet). Using the 
neural network approach, the resulting network has eight fixed points, with fixed point 
100 having a basin of attraction of 977. The rest of the configurations converge to the 
remaining seven fixed points, five of which are present in YeastNet  (fixed points: 36, 38, 
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68, 70, and 102), and two that are not (fixed points: 4 and 6). None of the three inferred 
network presented limit cycles. In summary, based on the F-score and topology 
accuracy, the proposed neural network approach outperformed the other two traditional 
Boolean network inference techniques. In relation to the dynamics accuracy, the neural 
network approach obtained competitive results against the other two methods, 
nevertheless, having more fixed points, present in YeastNet, than the other methods. 

Figure 5 Inferred fission yeast cell cycle network using REVEAL. The solid edges represent 
activations, and the dashed edges represent inhibition 

 

Figure 6 Inferred fission yeast cell cycle network using Best-Fit. The solid edges represent 
activations, and the dashed edges represent inhibition 

 



   

 

   

   
 

   

   

 

   

   136 G.A. Ruz, A. Zúñiga and E. Goles    
 

    
 
 

   

   
 

   

   

 

   

       
 

Figure 7 Inferred fission yeast cell cycle network using the proposed neural network approach. 
The solid edges represent positive weights, and the dashed edges represent negative 
weights 

 

Table 3 Performance measures for the inferred fission yeast cell cycle networks 

Method Precision Recall F-score Topology 
accuracy 

Dynamics 
accuracy 

REVEAL 0.87 0.48 0.62 0.84 0.86 

Best-Fit 0.77 0.48 0.59 0.82 0.87 

Neural networks 0.76 0.93 0.84 0.90 0.85 

4.2 Reconstruction of QS networks 

By applying the neural network approach we inferred a regulatory network shown in 
Figure 8, while Figure 9 shows the regulatory network obtained using Best-Fit and 
Figure 10 shows the regulatory network obtained using REVEAL. In the three networks 
we observe that 3-OH-C8-AHL-BpR.1 complex would positively regulate bpI.1 gene 
expression and repress bpI.2, bpR.2 and rsaL gene expression. In turn, 3-oxo-C14-AHL-
BpR.2 complex negatively regulate bpI.1 and their own expression. The neural network 
approach also indicates that rsaL represses bpI.2 gene expression and positively regulates 
bpR.2. In addition, this network shows that bpI.1 would positively regulate rsaL gene  
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expression, when 3-OH-C8-AHL is not interacting with BpR.1. Contrary to this, the 
other two networks obtained by Best-Fit and REVEAL indicate that bpI.1 represses rsaL  
gene expression. The network inferred by Best-Fit also describes the negative  
auto-regulation of rsaL, which is a common molecular mechanism of QS regulation  
in Pseudomonas aeruginosa, but this network lacks the repression of bpI.2 by rsaL.  
This feature is required for QS homeostasis in P. aeruginosa (Venturi et al., 2011)  
and also for B. phytofirmans PsJN (Zúñiga et al., 2017). Overall, observing the  
biological data, we may confirm that the regulatory network obtained by the neural 
network approach represents better the QS regulatory systems from B. phytofirmans 
PsJN, than the networks obtained using REVEAL and Best-Fit. In particular, REVEAL 
relies on the computation of probabilities which are estimated from the data. The ideal 
case is to have the complete transition table, which in reality is very difficult to obtain, 
since in real applications, only a few time points are obtained from the lab (Erdoğdu  
et al., 2013). Therefore, the probability values estimated from the data might not be that 
reliable. 

Figure 8 Threshold Boolean network model of QS systems in P. phytofirmans PsJN obtained 
through the neural network approach. The solid edges represent positive weights and 
the dashed edges represent negative weights 
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Figure 9 Boolean network model of QS systems in P. phytofirmans PsJN using the Best-Fit 
algorithm 

 

Figure 10 Boolean network model of QS systems in P. phytofirmans PsJN using the REVEAL 
algorithm 
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In relation to the dynamics, the three techniques contain the desired Boolean trajectory  
of Table 2 which corresponds to 0 13 4 20 21 23 5       in decimal 
representation. The state space of the QS network from the neural network approach, 
which appears in Figure 11 with decimal notation, indicates the presence of a limit cycle 
of length 4. This limit cycle represent state transition between the activation of 
BpI.1/BpR.1 QS system, and then the possible activation of rsaL by 3-OH-C8-AHL-
BpR.1 complex to activate bpR.2 and finally the repression of bpR.2 and rsaL by 3-OH-
C8-AHL-BpR.1 complex. This regulatory model suggests an interaction between both 
QS systems. The same limit cycle is observed in the state space diagram of Figure 12 
obtained by the network inferred using Best-Fit. Although the state transitions to the limit 
cycles are not the same, both state spaces share an important similitude. The limit cycle 
in both state spaces represent the dynamic of activation of both QS systems in PsJN 
strain, depending of the population density at the plant roots, where one or another 
component become active to activate the expression of target genes and its self-
regulation (Zúñiga et al., 2017). 

The state space of the QS network from REVEAL is shown in Figure 13, where we 
can observe the presence of a limit cycle of length 2, implicating two states of activation 
of both QS systems in PsJN bacteria population. These two states consist in a transition 
between the activation of BpI.1/BpR.1 QS system and bpR.2 and the subsequent 
activation of rsaL, maybe by 3-OH-C8-AHL-BpR.1 or BpR.2, and the repression of 
bpR.2 and bpI.1. The state space obtained from the network inferred by REVEAL does 
not represent a natural behaviour of bacteria population in terms of QS systems 
activation, because the transition states do not show a typical dependence of gene 
expression by population growth density. 

Figure 11 State transition graph of the threshold Boolean network inferred by the neural network 
approach 
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Figure 12 State transition graph of the Boolean network inferred by Best-Fit 

 

Figure 13 State transition graph of the Boolean network inferred by REVEAL 
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5 Conclusion 

Although there exist many regulatory network models, in this paper we consider the 
Boolean network approach, and in particular, the threshold Boolean network version. 
This simple model allows us to gain knowledge of gene interactions through the network 
topology and also the dynamics through the state space of the model. We have shown 
that these models can be inferred from data using a neural network learning approach 
(perceptrons). An advantage in using the perceptron learning rule, in problems of 
threshold nature of course, is the existence of the perceptron convergence theorem 
(Bishop, 1995) which states that the learning rule in (3) will find a solution in a finite 
number of steps. For future research we will consider the behaviour of the model under 
different updating schemes. 

There are several bacterial species that harbour in their genome multiple AHL-based 
QS systems that can be interconnected in an independent, synergistic or repressed 
regulatory network. Here, the temporal expression pattern of QS genes at root plants 
allowed us the reconstruction of regulatory network model that reflects the possible 
cross-regulation detected in QS mutant strains and AHLs inductions in experimental data 
(Zúñiga et al., 2017). Comparisons with the networks inferred using REVEAL and Best-
Fit, showed that our method resembled in a better way the natural behaviour of bacteria 
population in terms of QS systems activation. 

Even though the Boolean modelling presents some limitations, it enabled us to 
integrate all the information about QS systems regulation and get a successful model of 
QS network. This network was obtained using transcript levels of QS systems genes 
expressed on inoculated PsJN bacteria in plant roots which gave us information about the 
regulon formed by the involved genes. Moreover, this modelling approach could be a 
useful tool to apply in other Burkholderiales species that share similar QS systems, to 
take all the information about each species and produce global models of QS networks in 
this genus in different environmental contexts. 
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