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Abstract. The reconstruction of gene networks is crucial to the understanding
of cellular processes which are studied in Systems Biology. The success of
computational methods of drug discovery and disease diagnosis is dependent
upon our understanding of the biological basis of the interaction networks
between the genes. Better modelling of biological processes and powerful
evolutionary methods are proving to be a key factor in the solution of such
problems. However, most of these methods are based on processing of
genotypic information. We present an evolutionary algorithm for inferring gene
networks from expression data using phenotypic interactions. The benefit of
this is that we avoid the need for an explicit objective function in the
optimization process. In order to realize this, we have implemented a method
called as the Phenomic algorithm and validated it for stability and accuracy in
the reconstruction of gene networks.
Keywords: Gene networks, Microarray data analysis, Genetic algorithms,
Fitness function, Phenomic algorithms.

1 Introduction
The advent of high throughput methods such as microarray technology has made it
possible for biologists to study hundreds of genes at a time, and to elucidate the
relationships between them. The datasets that result from such studies have high
dimensionality. Hence several researchers have developed methods of analysis which
can determine useful patterns from the datasets without compromising the
dimensionality [1]. Gene networks represent relationships between genes, based on
observations of how the expression level of each gene affects the expression levels of
the others [2]. The determination of these relationships from gene expression
measurements is a reverse engineering or reconstruction activity.
Evolutionary methods have been used by others [3] to analyze and capture the
relationships between hundreds of genes with varying degrees of success. The
Phenomic Algorithm, introduced in [4], presents an approach based on population
dynamics. It is based on phenotypic interactions rather than genotypic mechanisms
which are used in traditional genetic algorithms [5]. Here the aim is to model gene
expression record of each gene as an individual and then to let these individuals
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interact in an environment that simulates the survival of the fittest. Thus the need for
an explicit objective function is avoided. We apply the phenomic algorithm to the
yeast sporulation dataset [6] and results show a marked improvement in the quality of
networks discovered.
Segmentation of data into
multiple segments

Microarray
dataset

Add next segment

After processing of all
segments, exit from loop
and read links between
genes
Gene
networks

Replication of
segments

Consolidation of
population

Interaction of
population
Fig. 1. Sequence of processing in the basic phenomic algorithm

The rest of this paper is organized as follows: In section 2, we review the related
work done by others. We devote section 3 to a discussion about the methodology
adopted by the basic phenomic algorithm and its implementation. Finally, section 4
presents the results and validation, followed by section 5 which concludes the paper.

2 Related Work
For just about a decade now reconstruction of gene networks has acquired importance
due to the dawn of systems biology. One of the first attempts is a simple method that
was introduced by Somogyi et al. [7]. Liang et al. [8] developed a general algorithm
using mutual information to identify a minimal set of inputs that uniquely define the

Inference of Gene Networks from Microarray Data through a Phenomic Approach

85

output for each gene at the next time step. Akutsu et al. [9], [10] and D’haeseleer et al.
[11] have also proposed several reverse engineering algorithms.
The S-system proposed by Savageau [12] has been used by some researchers [5],
[13] in order to formulate an objective function for the evolutionary algorithm that
they use to reverse engineer gene networks. Lubovac and Olsson [14] have suggested
bringing in additional information resources into the evolutionary algorithm, so that
more relevant relationships between genes can be derived. It is possible to develop
better evolutionary algorithms by finding better objective functions since the critical
dependency between the genotype and phenotype is characterized by them [15], [16].

3 The Phenomic Approach
The phenomic algorithm is an algorithm which utilizes phenotypic information to
simulate an environment that allows the survival of the fittest individual. It was
introduced in [4] and we present a brief description of the algorithm here so that our
work, which is an extension of the basic algorithm, is better understood. Like most
evolutionary algorithms, the phenomic algorithm begins with of a population of
individuals.
When constructing gene networks, we study the relationship between genes. If gi
and gj are objects representing two such genes, their expression patterns across m
samples may be written as

{

}

g i = {wik 1 ≤ k ≤ m} and g j = w jk 1 ≤ k ≤ m .

The similarity (or proximity) between gene expression patterns can be expressed in
terms of a correlation coefficient, where wij is the expression level of the ith gene in
the jth sample and μgi is the average of expression levels of the ith gene over all the
samples.
When the microarray dataset contains records which represent the expression of
each gene at m time-steps (instead of m samples) of an experiment, it is possible to
verify whether the expression pattern of a gene gi at a time-step (t-1) has any
correlation with the expression pattern of a gene gj at time t. For this, we define the
Pearson correlation coefficient [17] across time-steps (from gene gi at time-step t =
(k-1), to gene gj at time-step t = k), as given in Eqn. (1).
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m
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k=2

∑ (w

i ( k − 1)

m

k =2

i ( k −1)

)(

− μ g i w jk − μ g j

− μ gi

) ∑ (w
2

.

)

2

m

k=2

)

jk

− μgj

(1)

In the algorithm that follows, random pairs of genes are considered at a time and the
proximity measure for each pair of genes is calculated. Only those gene pairs that
have a proximity measure less than a preset threshold distance D are assumed to have
an interaction between them. This condition is shown in Eqn. (2).

Pear ( g i , g j ) < D .

(2)
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In the next step of processing, these closely related pairs are analyzed further to verify
whether causal relationships exist between them. We show the sequence of processing
in the basic phenomic algorithm in Fig. 1.
We give a brief description of the main functions of the basic phenomic algorithm
here:
1. Modelling genes as individuals: While modelling the genes as individuals, we
embed the expression profile of the gene within the object itself. Also we store the
relationships with other genes, which are discovered during the interaction phase,
within the individual itself. We ensure sufficient density of individuals by replicating
them as required.
2. Simulating gene interaction: We set the stage for the survival-of-the-fittest by
letting individuals to meet randomly. Eqns. (1) and (2) define the nature of these
interactions between partners that meet. If a pair of genes has a close proximity as
defined by the time-shifted Pearson correlation coefficient, a link is stored between
them.
3. Enforcing natural processes: From time to time we consolidate the population by
eliminating individuals which are replicates and have not acquired any links with other
individuals. Thereafter we bring in the remaining segments of the data, one by one, till
all segments have been considered. At the end of the process, the links between the
genes, which are stored in the individuals, are used to construct the gene networks.
We present the phenomic algorithm below. The structure is very similar to a genetic
algorithm since phenotypic processing is encountered in every generation, just like in
a genetic algorithm.
The basic phenomic algorithm and its main functions.

basic_phenomic_algorithm( )
{
divide gene expression data into segments;
initialize population with first segment replicated;
set segment count to 0;
while population has not reduced to size of single
segment and there are more segments to process
{
interact_population;
consolidate_population;
replicate and add next segment;
increment segment count;
}
read gene-links stored in the final population;
display gene networks constructed from links;
}
interact_population( )
{
for a preset number of iterations;
{
select two individuals from current population;
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apply interaction criteria in Eqn. (2)
update gene-links of both individuals;
}
}
consolidate_population( )
{
for a preset number of iterations;
{
select two individuals from current population;
if the indices of both individuals are same
eliminate one of them after copying its links;
}
}
As seen from experimental results in Fig. 2, the algorithm is able to discover links
between genes when applied to gene expression data.

4 Results and Discussion
In this study, we used expression data from a study by Chu et al. [6]. Expression
profiles of about 6100 genes are included in this dataset. Using them, we followed the
same method as Chu et al. [6] to extract the genes that showed significant increase of
mRNA levels during sporulation. Among them, we finally selected 45 genes, whose
functions are biologically characterized by Kupiec et al. [18].
A typical gene network obtained from this yeast dataset is shown in Fig. 2, when
applying the basic phenomic algorithm. We validated the results by performing 10fold leave-one-out-crossover validation (LOOCV). We made ten runs of the algorithm
and compared the gene networks from of each run taken separately against the
consensus gene networks of the other nine runs.
The average number of correctly-identified edges resulting from all the ten
comparisons indicates the stability of the algorithm. The complement of the average
number of incorrectly-identified edges resulting from all the ten comparisons
indicates the accuracy of the algorithm. We formally define these metrics in Eqn. (3)
and Eqn. (4).
SF =

1
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AF = 1 −
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Where CEi is the number of correctly identified edges in the ith comparison, IEi is the
number of incorrectly identified edges in the ith comparison, n is the total number of
comparisons, which is ten in our case, and Ei is the total number of edges in the ith
consensus network.
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Fig. 2. A typical gene network generated by the basic phenomic algorithm, when D = 0.2

We compared our algorithm to two other algorithms that use evolutionary methods
to infer gene networks from microarray data. We provide brief descriptions of the two
algorithms here. Interested readers are referred to the original papers. In the first
algorithm by Akutsu et al. [10], linear programming (LP) is used to solve the set of
differential equations derived from a S-system [12] model of the gene network. In the
second algorithm by Noman and Iba [13], trigonometric differential evolution (TDE)
is used to derive the set of S-system parameters that best explain the observed
microarray data.
Table 1. Validation results obtained by 10-fold LOOCV using Yeast sporulation dataset
Validation Metric
Stability Factor, SF
Accuracy Factor, AF

LP based approach
[10]
0.90
0.82

TDE based
approach [13]
0.91
0.86

Phenomic
approach
0.94
0.89

The results of the validation tests are given in Table 1. As seen, the algorithm
performs well in terms of stability, as well as accuracy. Hence this algorithm could be
a viable alternative method for determination of gene networks.

5 Conclusion
We have presented the reconstruction of gene networks using the basic phenomic
algorithm and also validated it for stability and accuracy. The phenomic nature of the
algorithm is manifested in its focus on the phenotypic, rather than genetic,
information of an individual. Due to the implicit survival-of-the-fittest mechanisms
the need for an explicit objective function was avoided.
Currently we are working on applying these algorithms to other datasets in order to
study their effectiveness as optimization tools.
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