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Abstract. This work presents the results of applying two clustering techniques
to gene expression data from the mussel Mytilus galloprovincialis. The
objective of the study presented in this paper was to cluster the different genes
involved in the experiment, in order to find those most closely related based on
their expression patterns. A self-organising map (SOM) and the k-means
algorithm were used, partitioning the input data into nine clusters. The resulting
clusters were then analysed using Gene Ontology (GO) data, obtaining results
that suggest that SOM clusters could be more homogeneous than those obtained
by the k-means technique.

Keywords: clustering, microarray, neural networks, data mining,
bioinformatics, gene ontology.

1 Introduction

Gene expression can be defined as the process by which information from a gene is
used in the synthesis of a functional gene product, which is often a protein. Measuring
this activity or expression for thousands of genes at once enables creating a global
picture of cellular function, which is known as gene expression profiling.

Microarrays [1, 2] are tools widely used to analyse gene expression profiles of a
large number of genes simultaneously. This method is an approach to the quantitative
analysis of the proteins being produced under given environmental and physiological
circumstances, assuming that each gene would produce one single type of protein,
which is not absolutely accurate but is widely accepted as an approximation [3].

The application of clustering techniques to this kind of data allows identifying non-
obvious relationships between genes such as co-expression phenomena [4, 5]. This
approach represents a valuable contribution to marine research since molecular data

* The first two authors contributed equally to this paper.

L Rojas, G. Joya, and J. Cabestany (Eds.): INANN 2013, Part I, LNCS 7902, pp. 453-#62] 2013.
© Springer-Verlag Berlin Heidelberg 2013
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remains scarce for this kind of organisms, despite their environmental relevance,
especially regarding seawater pollution monitoring.

The mussel Mytilus galloprovincialis is considered an excellent sentinel organism
in coastal environmental control given its sessile condition, ubiquity and extremely
high seawater filtering rate [6-8]. Although much effort is being placed on the
sequencing of the genomes of mussels and other molluscs, there is still an important
gap in the knowledge of these marine invertebrates [9].

The present work contributes to this goal by covering technical aspects of
molecular data management which are relevant for marine biology research. Several
helpful and widely known techniques are used here to get an insight into non obvious
biological patterns, constituting the basis to many other more sophisticated methods
of gene expression analysis that very often rely not just in the experimental
quantitative data, but also in qualitative metadata by using Gene Ontology (GO)
annotation statistics.

2 Materials and Methods

2.1  Mpytilus Galloprovincialis Data

For this study, a dataset previously published by Banni et al. [10] was used. This data
was obtained as a result of an expression profiling experiment by array and it
represents temporal expression analysis of female digestive gland tissue from the
mussel M. galloprovincialis. It contains 11 gene expression records from 295 genes.
The data was retrieved from the Gene Expression Omnibus (GEO) database and it can
be accessed at the following link: http://www.ncbi.nlm.nih.gov/projects/geo
/query/acc.cgi?acc = GSE23052.

2.2 Clustering Techniques

In this study, the performance of two clustering techniques was compared: a Self-
Organising Map (SOM) [11, 12] and the k-means [13] algorithm. These techniques
have been applied over the time to solve a variety of problems in many different
environments, obtaining good results [14-27]. Both techniques were implemented
using Matlab and several configurations were tested to achieve the results shown in
this paper.

2.2.1 Self-Organising Map (SOM)

A SOM is a type of Artificial Neural Network (ANN) which uses unsupervised
learning to group instances taken as input, projecting these onto a regular, usually
two-dimensional grid called map. In this technique, an instance will be mapped into
the node which is nearer to it using some metric. Unlike other ANNs, a
neighbourhood function is used in order to preserve the topological properties of the
input space.
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2.2.2 K-Means

K-means is a method designed for cluster analysis which partitions the instances
taken as input into k clusters in such a way that each instance will belong to the
cluster with the nearest mean.

2.3 Ontologies

An ontology [28] is a formal representation of knowledge, involving a set of concepts
within a domain, and the relationships between pairs of concepts. It can be used to
model a domain and support reasoning about entities. Ontologies can be graphically
represented as graphs (nodes = concepts; edges = relationships) or trees (nodes and
leaves = concepts; branches = relationships, including hierarchical relationships).
Ontologies have been widely used, especially in fields related to biomedicine, gaining
a lot of attention in the past few years [29-31].

2.3.1 Gene Ontology (GO)
Reported knowledge about genomic data and their products is wide and
heterogeneous in nature, however, big efforts have been carried out by specialized
consortiums in order to standardize this knowledge. This has been done by defining
specific terms and relationships among them, so the gene attributes are then described
in a more machine-like manner. This approach allows for the application of
Knowledge Discovery in Databases techniques, very useful in functional analysis of
massive genomic data. Furthermore, Evidence Codes are used to account for the
reliability of the annotations, and weights are established for analysis automatization.
Gene Ontology covers three key aspects in gene description: the Biological Process
it takes part in, Molecular Function of its corresponding gene product and Cellular
compartment referring to the specific cellular location where it mainly displays its
action. The GO terms belonging to any of these three categories have ancestor (lower
level) - descendent (higher level) relationships between them, becoming more specific
and informative the higher the term’s level is. This ontology structure complies with
the general build up of ontologies, with GO terms being represented as nodes and
relationships as branches. A thumb rule in ontology, that also applies to GO, is that if
a gene is annotated with a specific GO term, the correspondence with all its ancestor
terms is automatically inferred. This has critical implications for the functional
analysis of datasets that analysis tools, such as those embedded in the Blast2GO suite,
have taken into account.

2.3.2 Blast2GO

Blast2GO [32-35] is a software suite designed for functional annotation of genomic
sequences using GO terminology and for the analysis of such annotation data. In this
paper, genes were annotated specifically with terms belonging to the Biological
Process type, and the resulting clusters were analysed using the statistical tools
provided by the Blast2GO software in order to obtain those terms that are more
representative of each clustered gene set.
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Blast2GO ranks the GO terms related to the sequences in each set based on scores.
Scores are calculated out of the number of sequences annotated with a given term and
the distance (number of intermediate nodes) from the GO term directly assigned to the
sequence to that one that is being scored. This way, the fact that more general GO
terms are more likely to get high scores as they add up all sequences annotated by
descendent nodes, is compensated by the fact of getting penalized by the distance to
the actual term reported as gene annotation. Therefore, the score is calculated
according to the following formula:

score = Zseq x q®ist
GOs

where seq is the number of different sequences annotated at a child GO term, dist the
distance to the node of the child and o is a constant parameter set to default value 0.6.

3 Results and Discussion

Many tests were run until obtaining the best configuration parameters of the two
techniques used in this paper. The same distance metric was used for both methods so
that results could be fairly compared. The metric that was finally used was the
Euclidean distance. In the case of the SOM technique, different architectures were
tested in order to choose the one that obtained the best clusters, that is, an architecture
involving 9 neurons. As for the k-means technique, several cluster numbers were
tested and, finally, k=9 seemed to obtain the best partitions.

Banni et al. [10] also used the k-means algorithm for the computation of different
gene expression trends, obtaining similar results to those presented here. The authors
of this paper obtained ten clusters but concluded that two of those clusters could be
merged into one.

Fig. 1 and Fig. 2 show the differences between the performances of the proposed
models. The horizontal axis represents time (in months) and the vertical axis
represents the expression level. Although there are resemblances in the results
obtained by both techniques, some genes are clustered into different partitions.
Observing these figures, we can study the behaviour of the different genes in terms of
gene expression over the time for each cluster and for each technique.

Analysing these graphics and the genes contained in each cluster, we found the
following:

- the k-means technique divided cluster 1 obtained by the SOM technique into
two different clusters (clusters 8 and 9)

- most of the elements contained in cluster 2 obtained by the SOM, were part of
k-means’ cluster 4

- clusters 3 and 4 of SOM corresponded to cluster 6 of k-means

- clusters 4 and 7 of SOM corresponded to cluster 2 of k-means

- cluster 6 of SOM and cluster 5 of k-means were very similar, the same
happens for cluster 8 of SOM and cluster 3 of k-means.
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Results are mainly consistent between both techniques regarding the biological
sense of the obtained clusters. Table 1 and Fig. 3 show the most relevant results of the
GO term analysis for each cluster, presenting the levels they belong to as a way of
measuring how specific the terms are and how informative they get. It is worth
highlighting that in the case of k-means clusters, there are two gene sets that have not
obtained any representative GO term by failing to achieve the minimum score
threshold set by default in Blast2GO analysis tool, while this happens for only one of
the clusters obtained by the SOM technique.

Table 1. TOP 3 Highest scored GO-terms level

Cluster # K-means SOM
1 10,9, 8 N/A
2 6,5,2 6,5,1
3 543 10,8,8
4 6,5,1 7,6,5
5 6,54 83,2
6 2,3,8 6,54
7 6,54 6,5,2
8 N/A 4,53
9 N/A 6,3,1

EK-means SOM

Fig. 3. GO-term level occurrence
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Cases such as the SOM cluster 2 and k-means cluster 4, that are similar in terms of
included genes and profile shape, obtain very similar GO terms statistics, having the
same GO term "translation" (GO:0006412) as the most representative of the group.
As an example of clusters displaying different ontological representation, we find the
case of SOM clusters 6 and 3, and k-means clusters 5 and 6, all alike in the profile
shapes. While SOM cluster 6 throws the same ontological results as k-means cluster
number 5, there exist significant differences between SOM cluster 3 and k-means
cluster 6. For the first one (SOM cluster 3), the most representative GO terms are
terms of high specificity, belonging to the GO levels 10-8 (being the higher the GO
level, the more specific the term), while for the latter (k-means cluster 6), the GO
terms that obtained the highest representation belong to the levels 2-3, meaning that
these are rather general terms not so informative of the biological meaning of this
group of genes. This can be understood as being SOM clusters more homogeneous
than those obtained by the k-means technique, since more specific GO terms are
obtained meaning that more sequences are directly annotated by terms with a closer
relationship. However, ontological analysis has the drawback of low statistical
significance due to the general lack of functional information for these sequences.

4 Conclusions and Future Work

This work presents a study of gene expression analysis using data from a mussel
species obtained from a year-long experiment. Two techniques, a self-organising map
(SOM) and the k-means algorithm, were used in order to partition 295 genes with 11
gene expression records over the time into nine clusters. These clusters were then
annotated and analysed, obtaining results that suggest that SOM clusters could be
more homogeneous than those obtained by the k-means technique.

As future work, we plan to apply more techniques to this type of data, such as
biclustering.
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