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Abstract. Biclustering is an unsupervised machine learning technique
that simultaneously clusters genes and conditions in gene expression
data. Gene Ontology (GO) is usually used in this context to validate
the biological relevance of the results. However, although the integration
of biological information from different sources is one of the research
directions in Bioinformatics, GO is not used in biclustering as an input
data. A scatter search-based algorithm that integrates GO information
during the biclustering search process is presented in this paper. SimUI
is a GO semantic similarity measure that defines a distance between two
genes. The algorithm optimizes a fitness function that uses SimUI to
integrate the biological information stored in GO. Experimental results
analyze the effect of integration of the biological information through
this measure. A SimUI fitness function configuration is experimentally
studied in a scatter search-based biclustering algorithm.
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measures · Scatter search metaheuristic

1 Introduction

Biclustering is an unsupervised machine learning technique that searches local
patterns. Although it was previously known with names as subspace clustering
or coclustering, most of the biclustering algorithms have been presented in the
context of gene expression data due to the nature of these data. Gene expression
data report the information of how thousand of genes are expressed along dozens
of samples or experimental conditions. These kinds of datasets motivate the
interest of grouping genes only in a subset of samples and not in all of them.
Therefore, biclustering simultaneously clusters genes (features) and conditions
(instances). Due to the NP-hard nature of the algorithmic problem, most of the
algorithms use different heuristic strategies [1]. It must be highlighted a family
of algorithms based on evolutionary computation and metaheuristics [2,3].

Gene Ontology (GO) is a dictionary where each gene is annotated with a
specific set of biological terms. These terms are classified in three domains: Bio-
logical Process (BP), Molecular Functions (MF) and Cellular Components (CC).



The ontology has a tree structure. High levels in the tree structure have more
general information and low levels have more specific information. Functional
annotation files relate genes with their set of biological terms. Therefore, each
gene is related with a set of GO terms. These kinds of files are usually used in
biclustering in validation tasks to study the biological relevance of the results.
The standard benchmark of comparison among biclustering algorithms is based
on the use of functional annotation files [4]. However, although the integration
of biological information is one of the research directions in Bioinformatics, this
information is only used in validation but not as part of the search mechanism.
Some new clustering [5] and biclustering [6] algorithms recently use GO anno-
tation files to improve their searches processes in the context of gene expression
data. These new search criteria use the information in gene expression matrices
and in gene annotation files extracted from GO.

A concept of a distance among GO terms can be defined using a GO based-
similarity measure. These measures evaluate the specificity of a GO term accord-
ing the structure of the GO graph [7]. GO based-similarity measures can basically
be classified in two groups: graph-based measures if they use the frequency of a
term in the GO graph or (IC)-based measures if they use the depth in the GO
graph. Otherwise, each gene in the gene annotation file is related with a set of
terms. Therefore, a distance between two genes can be defined through a GO
based-similarity measure.

SimUI measure is a graph-based GO similarity measure that evaluates the
distance between two genes [8]. The idea of SimUI is counting the terms in
the GO graph for each gene. This measure can be used to infer the biological
relevance of a set of genes in a gene annotation file. The idea of this paper is to
use the SimUI measure to introduce a biological bias during the search process
in the biclustering algorithm. Therefore, the GO information is used as part of
the search process to find the best results from a biological point of view. The
proposed algorithm is a scatter search based-algorithm that sequentially finds
each bicluster. The scatter search is a population based-metaheuristic where the
evolutionary process is addressed by the evolution of a small set of solutions.
This set of solutions is built according an equilibrium between an intensification
and a diversity criterion. The proposed algorithm is based on the algorithm
presented in [6]. Basically, a fitness function that evaluates the quality of each
bicluster is optimized through a scatter search procedure. This merit function
firstly evaluates the patterns in the bicluster using the gene expression matrix.
Secondly, the biological relevance of the genes in the bicluster is also measured
with SimUI that works with a gene annotation file.

The rest of the paper is organized as follows. The proposed algorithm is pre-
sented in Sect. 2. Firstly, the scatter search procedure is explained in Subsect. 2.1.
Secondly, the SimUI based-fitness function is presented in Subsect. 2.2. Section 3
presents the experimental results to show that the performance of the algorithm
is improved using SimUI. Finally, conclusions and future works are presented in
Sect. 4.



2 Algorithm

The input data of the algorithm are basically a gene expression data matrix
and a gene functional annotation file. Each row in the gene expression data
matrix is the expression profile of a gene. Each column is a sample generated
according a specific experimental condition. Gene functional annotation files
provide biological information that is used to provide a biological bias during
the bicluster search process. These files relate each gene with a set of biological
terms as for example GO terms.

The proposed algorithm is a scatter search-based algorithm that optimizes
a fitness function. This fitness function firstly uses the gene expression matrix
information to define biclusters and secondly the functional annotation files to
integrate the biological information. The search process is based on a scatter
search metaheuristic procedure that is repeated to obtain each bicluster. It is
important to note that the search procedure and the fitness function definition
are independent.

2.1 Scatter Search Based-Procedure

Scatter search is a population based-metaheuristic where the evolution of a small
and representative set of solutions is used to optimize a merit function. Each
solution codifies a bicluster and at the end of the evolutionary process the best
one represents the result. Each resultant bicluster is found using a scatter search
procedure. Hence, the proposed algorithm repeats this procedure the number of
times equal to the number of bicluster to discover. This procedure uses the same
ideas that the algorithm presented in [9].

Solutions/biclusters are codified as two binary strings where the bits indi-
cate their corresponding condition or gene in the gene expression matrix. The
key idea in the scatter search process is the combination of intensification and
diversification using a small set of solutions called the reference set. The inten-
sification of solutions accelerates the search and the diversification avoids local
minimum.

Figure 1 shows the scatter search scheme. The input basically is the gene
expression matrix and the gene annotation file. Firstly, an initial population
is built. The diversification generation method generates solutions as scatter as
possible in order to contemplate different places in the search space. This method
is based on the diversification method presented in [9], where a randomly seed
solution is used to generate a set of diverse solutions. If x is a seed binary string,
a new string x′ is generated for each value of an integer h = 1, 2, 3, . . . , hmax as
follows:

x′
1+kh = 1 − x1+kh for k = 0, 1, 2, 3, . . . , �n/h� (1)

where x = (x1, . . . , xn), n is the number of bits, k takes values from 0 to the
largest integer satisfying k ≤ n/h, with the maximum value for h is hmax = n/5.
All the remaining bits of x′ are equal to those of x. Secondly, the improvement
method changes each solution by other better solution from fitness function point



Fig. 1. Scatter search procedure to find a bicluster

of view. This method is a local search that intensifies the search process. Every
improved solution is stored in the initial population.

The reference set is built according an intensification and a diversification
criterion. Firstly, the half of the solutions in the reference set are most represen-
tative solutions from the initial population according to fitness function point
of view. Secondly, the other half of solutions are the most scattered solutions



respects the solutions previously considered. After that, the initial population is
updated by removing these solutions in the reference set.

The reference set evolves until it is stable. Every new solution generated
cannot improve from fitness point of view any solution previously stored in the
reference set. Namely, every new solution is worse than the existent solutions
in this set. New solutions are generated through the subset generation, solution
combination and improvement method. The subset generation method builds
new binary strings with uniform crossover operator usually used in genetics
algorithms. The solution combination method builds new solutions combining
with these strings. Each new solution is improved with the improvement method
as it has previously commented. The reference set update method chooses the best
solutions from the new generated solutions and the solutions in the reference set.
This stability process of the reference set is repeated a number of times and the
reference set is rebuilt. Finally, the best solution in the last reference set codifies
the output bicluster. This procedure is repeated as many times as biclusters
to discover. Note that the proposed algorithm obtains each bicluster through an
independent scatter search procedure, which is a heuristic with a random nature.
Therefore, the biclusters obtained are independent each other. The number of
biclusters is an input parameter depending of the user needs or preferences.

2.2 SimUI -Based Fitness Function

A merit function is defined in order to characterize biclusters. The optimization
of this function provides the resultant biclusters. Three different criteria are
considered: the volume, the average correlation of the bicluster and finally, the
SimUI measure of the set of genes. Given a bicluster composed by N genes and
Q conditions, the fitness function is defined as follows:

f(B) = M1 · 1
N · Q

+ M2 · fcorr(B) + M3 · fSimUI(B) (2)

where the first term measures the volume, the second term measures the patterns
in the gene expression matrix and the third one measures the information in GO
of the set of genes according SimUI measure.

The average correlation is based on the correlation by pairs of genes. It has
been previously used [9] and it is defined as:

fcorr(B) = 1 − 1
(
N
2

)
N−1∑

i=1

N∑

j=i+1

|ρij | (3)

where ρij is the pearson correlation coefficient between the genes gi and gj . Note
that this correlation is calculated using the rows and the columns in the subma-
trix generated with the bicluster information in the gene expression matrix. The
best value for the correlation is equal to 1, and the goal is to minimize the fitness
function, therefore fcorr is modified to have the best value in 0. The absolute
value is considered to capture positive and negative correlations.



The third term in the fitness function measures the functional similarities
among genes using SimUI GO measure. The gene annotation file is used to
introduce the biological information in GO. This term is defined as follows:

fSimUI(B) = 1 − 1
(
N
2

)
N−1∑

i=1

N∑

j=i+1

SimUI(gi, gj) (4)

where SimUI(gi, gj) is the SimUI measure for the genes gi and gj . Note that
the best situation is a value equal to 1. For example, the measure of a gen with
itself that is the maximum similarity. Hence, this term is also modified to find
the optimum value in 0.

It is important to note that the first and the second term use the gene
expression matrix and besides, the third term uses the gene functional annotation
file. The parameters in Eq. (2) M1, M2 and M3 control the importance of each
term.

The SimUI measure is a gene pairwise GO measure based on counting in
the graph of GO [7]. A distance between two genes is established according their
functional similarity in GO. The gene annotation file is built such that each gene
is related with a collection of GO terms. These terms include direct annotations
of the genes and their ancestral terms up to the root node. Given two genes g1
and g2, the SimUI measure is defined as follows:

SimUI(g1, g2) =
COUNTt∈GO(g1)∩GO(g2)

COUNTt∈GO(g1)∪GO(g2)
(5)

where COUNT is a function to count the number of GO terms. It must be
noted that if there is not any annotation for g1 and g2, the measure is cho-
sen equal to zero in order to represent a bad situation during the optimization
process.

3 Experimental Results

The goal of the experiments is to study the influence of the SimUI measure as a
mechanism to integrate biological information. The performance of the proposed
algorithm is evaluated with and without any biological information integration.
Note that if the third term (Eq. 2) is null there is not any biological information.
In this case, the information captured by the gene annotation file is not used.

Table 1 presents the gene expression matrix size, the number of annotated
genes in the matrix and a short description of the gene annotation file. The
number of terms is the total number of GO terms in the gene annotation file.
The average terms per gene is the average number of GO terms associated for
each gene. A yeast dataset with accession number GDS1116 GEO repository has
been used in these experiments. After being processed using Babelomic web tool,
GDS116 gene expression matrix is composed by 882 genes and 131 conditions.
The gene functional annotation file is a gene association file with the extension



Table 1. Functional annotations from GO for GDS1116 yeast dataset: input and val-
idation data.

Dataset Size GO Functional Number of Number of Avg. terms

annotation source genes terms per gene

GDS1116 (882 × 131) INPUT 798 1790 7.3

BP domains 632 245 10.6

MF domains 634 135 5.5

CC domains 703 44 3.1

.goa yeast downloaded from the additional information in the reference [8]. An
extra file with the GO structure has been downloaded too. This file has the
extension .obo.

The comparison criterion usually used in biclustering is the gene enrich-
ment in the resultant biclusters [4]. A bicluster is said to be enriched if at least
one enriched GO term is associated to it. The idea is that a group of genes is
associated with any biological function in GO in this bicluster. Therefore it is
biologically relevant. A ranking of algorithms can be defined depending on the
percentage of enriched biclusters in their results. A gene annotation file is nec-
essary to calculate the enrichment of biclusters but the same gene annotation
file used as input could introduce a bias in the validation. Therefore, three gene
annotation files have been generated for validation tasks different from the file
used as input. The information of these files is also shown in Table 1. Three files
for each GO domain have been generated using Babelomic web tool: for Biolog-
ical Process (BP), Molecular Function (MF) and Cellular Component (CC).

The parameters configuration in the fitness function (Eq. 2) has been studied.
The third term indicates SimUI term and it indicates if it is used to take the
biological information from gene annotation file. Three parameter configurations
are studied: (211), (212) and (221). Firstly, the fitness function configuration
(211) gives the same importance to the average correlation (Eq. 3) that to the
SimUI measure (Eq. 4). Secondly, the configuration (212) gives more importance
to the SimUI over the average correlation. Finally, the average correlation is more
relevant for the (221) configuration. If the parameter M3 is equal to 0 there is
only two possible configurations (210) and (220). It is important to note that
the three terms in the fitness function vary between 0 to 1. Every configuration
has the parameter M1 equal to 2 due to the previous experience that shows that
the volume must equal or more relevant that the average correlation in order to
avoid trivial biclusters. It must be noted that several values varying from 1 to
2 for M2 and M3 were considered in previous studies [6] but the results did not
show meaningful differences. (Namely, 1.0, 1.3, 1.5, 1.8 and 2).

Figure 2 shows a comparison among different fitness function configurations:
(211), (212) and (221) for SimUI and (210) and (220) in the case that there is
not any biological integration. The black bar, the grey and the white represent
the BP, MF and CC GO domains respectively. They represents the percentage



Fig. 2. Results with (1-SimUI) and without (0) biological information integration.

of enriched biclusters for each run of the algorithm. All runs have obtained 100
biclusters in order to have a high number of results to handle the random nature
of the algorithm.

It can be observed in Fig. 2 that the best results are obtained when M2 is
equal to 1. In the case that SimUI is used, (211) and (221) has more percentage
of enriched biclusters than (221). If there is not any biological integration, (210)
obtains better results than (220). The configuration (211) obtains the best results
and nearly the 100% of biclusters are enriched. This case considers the average
correlation (Eq. 3) and the SimUI measure (Eq. 4) with the same relevance in the
fitness function (Eq. 2). The results for the three different domains BP, MF and
CC present almost the same situation. These three domains has been considered
in order to avoid any kind of bias in the validation. It is important to note that
gene annotation file used as input is different from the files used to build Fig. 2.

The most relevant information that can be observed in Fig. 2 is that the
integration of biological information using SimUI measure improves the results
of the algorithm when there is not any kind of integration. (211) and (212)
obtains better results than (210) and it also occurs with (221) respect (220).

4 Conclusions

A scatter search based-biclustering algorithm that integrates GO information
has been presented in this paper. Each reported bicluster is the result of the



optimization process of a fitness function. This fitness function evaluates the
quality of each bicluster and SimUI similarity measure is used as a term to
integrate the information stored in GO. The input data of the algorithm are
the gene expression data and a gene annotation file. Thus, a biological bias is
introduced in the search process to address the results to biologically relevant
biclusters.

Experimental results have shown the effect of integration of the biological
information through SimUI measure. Different parameters configurations have
been studied and it can be concluded that SimUI based-fitness function helps
to improve the algorithm performance. Future works will be focused on some
improvements in the search procedure and the study of other gene pairwise GO
measures.
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