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Abstract

Experimental high-throughput techniques in biol-
ogy are generating large amounts of data re-
lated to genes and proteins at different levels.
The functional analysis of such datasets is a nec-
essary key step in their interpretation. In this con-
fribution we review different methodologies and
applications for functional bioinformatics in the
context of automated data and text analysis in
biology.

Introduction

The post-genomics era has been characterized
by the emergence of several high-throughput
technigues such as DNA microarrays, protein
chips, chip-on-chip, and more recently, the new
generation sequencers [1-4], which are allow-
ing the scientific community to study biological
processes from a global perspective to under-
stand the basis of development and diseases.
Nevertheless, the great potential of these tech-
nologies is resulting in a problem when research-
ers have to deal with the vast amounts of data
that are generated by these technologies.

Life sciences in general are generating huge
amounts of data with the accelerated develop-
ment of high-throughput technologies. Therefore,
in parallel fo the accumulation of the experimen-
tal information, there is an obvious need o ana-
lyse this huge amount of data. The challenge lies
not only in the data-processing areaq, in which the
bioinformatics community has made significant
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advances, but also in the interpretation of the ex-
perimental data. An essential task in this analysis
is to franslate gene signatures info information
that can assist in understanding the underlying
biological mechanisms.

During the last few years, the Functional
Bioinformatics Group from the National Center
for Biotechnology in Madrid (http:/biocinfo.cnb.
csic.es) has focused on the development of sev-
eral methods and tools to assist researchers in the
analysis and inferpretation of genomics and pro-
teomics data. One of our main goals has been
to provide the research community with easy-
to-access and easy-to-use tools, implementing
complex data-analysis methodologies that al-
low a more complete understanding of cellular
processes and diseases. In this way, we have
generated a set of web-based applications that
addresses three main fields: gene-expression
data analysis, functional interpretation of large
lists of genes or proteins and automatic knowl-
edge extraction from the biomedical literature.

In our effort to develop applications for a
broad number of users able to deal with com-
puting-intensive problems, we have designed
these tools incorporating efficient implementa-
fions of the algorithms and their variants, most
of them using parallel and grid computing. In
addition, most of these tools can be accessed
via web-services, which allow users to integrate
them in their analysis workflows.

Applications

The mission of our research group is the devel-
opment and implementation of algorithms that
facilitate the understanding of biological proc-
esses through the application of statistical and
data-mining techniques. Figure 1 shows an over-
view of the applications and databases that we
have developed, can be divided info three dif-
ferent groups:

Data analysis

This comprises applications for data clustering
and biclustering, as well as data accommoda-
fion, normalization and pre-processing. Tools
like Engene (http://engene.cnb.csic.es) [5] were
designed for microarray data analysis, from pre-
processing to clustering and classification. bi-
oNMF (http://bionmf.cnb.csic.es) [6], on the other
hand, performs more complex analysis (cluster-
ing and biclustering) using specific matrix factori-
zation. Finally, MARQ was designed 1o retrieve ex-
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Figure 1. General overview of the applications available af the Functional Bioinformatics group from the National Center for
Biotechnology. A brief explanation of the content of each web-based ool is provided.

perimental datasets from the GEO database [7]
that have expression patterns similar or opposite
to a given query. This is useful for meta-analysis
studies.

Functional analysis

This group is composed of different analysis fools
that aim at providing functional interpretation to
a list of genes or proteins. Usually, this is a sec-
ondary step, after primary analysis of gene or
profein expression. Applications for functional
analysis in gene or protein sets use annotations
from different data sources and calculate sta-
fistics 10 determine their significant presence or
absence in the list. The GeneCodis tool searches
for significant concurrent annotations in a list of
genes (http://genecodis.cnb.csic.es [8]). Another
application, ChipCodis (http:/chipcodis.cnb.

csic.es [9]), mines regulatory systems in yeast us-
ing chip-on-chip data using a similar approach.
Text mining tools, like SENT (http://sent.cnb.csic.es
[10]) and Moara (http://moara.cnb.csic.es [11]),
also belongs to this category, as the final goal is
fo provide functional interpretation of gene sets
using the scientfific literature as the main source
of information.

Databases

Databases that collect and centralize interest-
ing unique information about biological events
are also a central part of our research interest,
Centfrosome:db (http://centrosomedb.cnb.csic.
es [12]) is a database that contains a set of hu-
man genes encoding proteins that are localized
in the centrosome. It offers different perspectives
to study the human centrosome, including evolu-
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fion, function, and structure. The ProteoPathogen
[13] and Compluyeast databases were designed
to handle and manage proteomic studies.

In this report, we will focus our attention on
four representative tools taken from data-analysis
and functional-analysis categories. These tools
are widely used by the scientific community,
handling several thousand submissions every
month:

GeneCodis

Gene Annotation Co-occurrence Discovery

An essential task in functional analysis of genes
and proteins is the translation of gene signatures
into information that can assist in understanding
the underlying biological mechanisms. Several
methods and fools have been developed to
interpret large lists of genes or proteins using in-
formation available in biological databases. The
common idea used in most of these methods is
to find functional descriptors that are significantly
enriched in the gene signature.

The first type of techniques that emerged
in this field were focused on evaluating the fre-
quency of individual annotations and apply a
stafistical test to determine which annotations are
significantly enriched in a input list with respect to
a reference list, usually the whole genome or alll
genes in a microarray. Annotations from different
sources like the Gene Ontology (GO) [14] or KEGG
[15] are commonly used in this context. Several
tools have been developed following this ap-
proach [16,17]. A fresh line of research appeared
with the observation that the use of thresholds to
select the significant genes could underestimate
the effect of significant biological effects during
the functional analysis. This idea derived in a new
and different analytical concept in which the
distribution of annotations is evaluated over the
whole list of genes, sorted by their correlation with
the phenotype: the gene set enrichment analy-
sis (GSEA) [18].

Nevertheless, both approaches, the stand-
ard enrichment analysis and GSEA methods,
evaluate each annotation independently from
the others without tfaking into account the po-
fential relationships among them. However, most
of the annotations in biological databases are
inferconnected because they are associated
fo common genes. Patterns that contain these
relationships can provide invaluable informa-
fion and extend our understanding of biological
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events associated with the experimental system.
It is therefore highly desirable to evaluate these
associations in the functional analysis of gene
lists [19].

In 2007, we infroduced GeneCodis [20], a tool
for modular enrichment analysis oriented to inte-
grate information from different sources and find
enriched combinations of annotations in large
lists of genes or proteins. Modular enrichment
represents a step forward in the functional analy-
sis because of its capacity o infegrate hetero-
geneous annotations and to discover significant
combinations among them. A new version of this
tool has recently been reported [8].

The application is simple in its concept: it
tfakes a list of genes as input, and determines
biological annotations or combinations of an-
notations that are over-represented with respect
to a reference list. The novelty of this tool relies
on the fact that, before computing the statistical
test, it incorporates new functionality to extract
all combinations of annotations that appear in
at least x genes, x being a user-defined thresh-
old [20]. To extract combinations of gene anno-
tations, GeneCodis uses a modification of the
methodology reported in [21], which implements
an efficient variant of the apriori algorithm fo ex-
fract associations among gene annotations and
expression pattemns.

Once all combinations of annotations that
appear in at least x genes have been extracted,
the method counts the occurrence of each set of
annotations in the list of genes and in a reference
list. Then, a statistical test is applied to identify cat-
egories, and their combinations, that are signifi-
cantly enriched in the list of genes. Therefore, the
result of the analysis performed by GeneCodis
consists of a list of annotations or combinations
of annotations with their corresponding p-values.
Annotations showing p-values below a certain
threshold can be considered significantly associ-
ated with the list of genes under study and can
be used to discern the biological mechanisms
relevant to the experimental system.

GeneCodisworkswithmostofthemodelorgan-
isms in biological research. The whole listincludes
Arabidopsis thaliana, Bos faurus, Caenorhabditis
elegans, Candida albicans, Danio rerio,
Drosophila melanogaster, Escherichia coli, Gallus
gallus, Homo sapiens, Leishmania major, Mus
musculus, Rattus norvegicus, Saccharomyces
cerevisiae, Schizosaccharomyces pombe and
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Vibrio cholerae. Alternatively, 1o facilitate the us-
ability of the application we have extended the
type of gene identifiers that are supported, in-
cluding proprietary identifiers from commercial
platforms such as Affymetrix, Agilent, Codelink
and lllumina. Regarding annotations, GeneCodis
integrates functional and regulatory informa-
fion by supporting Gene Ontology (GO), KEGG
Pathways, micro RNA, franscription factors and
InterPro motifs.

This tool can be freely accessed through its
main site at http:/genecodis.cnb.csic.es. A mir-
ror has also been recently set up at the China
Node for EMBnet at the Center for Bioinformatics
in Peking University, available at http:/genecodis.

cbi.pku.edu.cn.
IONMF

Non-negative Matrix Factorization in Biology
Matrix factorization techniques have become well
established methods for the analysis of numeri-
cal data and signals. These methods can be ap-
plied 1o the analysis of multidimensional datasets
in order to reduce the dimensionality, discover
patterns and aid in the interpretation of the data.
Among the most popular, Principal Component
Analysis (PCA), Singular Value Decomposition
(SVD) or Independent Component Analysis (ICA)
have been successfully used in a broad range
of contexts.

In 1999, Lee and Seung, developed a new
matrix factorization technique named Non-
Negative Matrix Factorization (NMF) [22] fo de-
compose images into recognizable features.
The main difference between NMF and other
classical factorization methods relies on the non-
negativity constraints imposed by the model.
These constraints tend fo lead to a parts-based
representation of the data, because they allow
only additive, not subtractive, combinations of
data items. In this way, the factors produced by
this method can be interpreted as parts of the
data or, in other words, as subsets of elements
that tend to occur together in sub-portions of the
dataset. By contrast, classical factorization tech-
nigues decompose the data matrix into a new set
of matrices of any sign, involving complex can-
cellations of positive and negative elements to
reconstruct the original dataset. Therefore, the in-
terpretation of the factors becomes non-intuitive
and difficult. The comprehensible properties of
the NMF method and the intuitivism of the results
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it provides have centered the attention of many
researches in different fields of science and, in
particular, in the bioinformatics field, where NMF
has been applied in different contexts.

Formally, the non-negative maitrix decompo-
sition can be described as follow:

V=WH

where V € R™" is a positive data matrix with
n variables and m objects, W € R™*k are the re-
duced k basis vectors or factors, and H € R
contains the coefficients of the linear combina-
fions of the basis vectors needed to reconstruct
the original data (also known as encoding vec-
fors). The main difference between NMF and
other classical factorization models relies on the
non-negativity constraints imposed on both the
basis (W) and encoding vectors (H). In this way,
only additive combinations are possible:

K

(V)mn ~ (WH)mn :Z Wml HIn

=1

Increasing interest in this factorization technique
is due to the intuitive nature of the method, which
has the ability 1o extract additive parts of data
sets that are highly interpretable, while reducing
the dimensionality of the data af the same time.
In the biomedical field, NMF-related methods
have recently gained a lot of popularity. For ex-
ample, gene expression analysis [23-31], analysis
of protein sequences [32], functional categoriza-
tion of genes [33] or biological text mining [34].

We have developed a user-friendly, web-
based tool that implements this factorization
technique and its application in data bicluster-
ing (clustering by rows and columns simultane-
ously) and sample classification [6,35]. In addi-
fion, this web tool offers new improvements to
process big data-setfs in a distributed comput-
ing environment without the usage complexity
present on this kind of systems. It also provides
an automated access 1o external applications
through a welb-services interface.

This online fool provides a user-friendly inter-
face, combined with a computationally efficient
parallel implementation of the NMF methods to
explore the data in different analysis scenarios. In
addition to the online access, bioNMF also pro-
vides the same functionality included in the web
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site as a public web-services interface, enabling
users with more computer expertise to launch
jobs on bioNMF server from their own scripts and
workflows. The bioNMF application is freely avail-
able at http://bionmf.cnb.csic.es.

SENT

Semantic Features in Texts

Applications like GeneCodis described above
are examples of initiatives to help in the biologi-
cal interpretation of lists of genes and proteins in
the context of certain experimental conditions.
Annotations-based approaches provide a fast,
easy, and statistically sound interpretation of a
list of genes or their products. Although this in-
formation is extremely useful, its scope is limited
by structured vocabularies and curated annota-
fions.

Literature mining offers an interesting alterna-
five fo annotation-based methods. The rationale
behind it is that it contains much richer informa-
fion about the function of genes that can be
captured in sfructured vocabularies. Biomedical
literature covers almost all aspects of biology
and biochemistry, and with no limit fo the types
of information that may be recovered through
careful and exhaustive mining [36]. Many re-
searchers have focused their attention on the
use of text mining, with methodologies that go
from determining protein-protein interactions
from biomedical texts [37-40], to providing sum-
mary descriptions for genes or determining their
similarities [41-45]. Even though lots of work in this
area has been reported, its practical use by the
scientific community is hindered by the lack of
efficient and easy-to-use software.

SENT is a usable implementation of a method-
ology based on [34]: for a given set of genes or
proteins, the associated abstracts from PubMed
are extracted and processed. Then the NMF
technigue (like the one implemented in the bi-
OoNMF application described above) is used to
cluster genes together with relevant terms. In this
way, a set of semantic features (fopics or collec-
fion of semantically related words) are associ-
ated fo a set of genes. In other words, genes are
clustered according fo the content of their as-
sociated literature and, at the same fime, those
semantic fopics provide insights into their func-
tional implications.

The input of the system is a set of gene or
protein identifiers and the number of semantic
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features (factors or topics) to extract in the analy-
sis. Titles and abstracts from articles associated
with each gene are used to produce a meta-
document and, from all gene meta-documents,
a term frequency matrix is created. This matrix is
then analyzed by means of the NMF algorithm,
yielding a set of semantic features and a way to
associate genes to these semantic features.

The collection of articles used in the analysis
is built info an index. This index can be queried
o retrieve arficles that mention certain terms. In
particular, it can be used to find the arficles that
are most relevant o each semantic feature, and
by extension, most relevant to understand the
list of genes. Coupled with the Gene Ontology
enrichment analysis (using GeneCodis), also pro-
vided in the web site, SENT serves as a guide in
the examination of the literature.

This tool offers several advantages in the area
of biomedical text mining: first, SENT is oriented
to give researchers a global functional picture of
their genes of interest by summarizing the associ-
ated literature content on a small set of seman-
fic topics. Second, SENT is able fo categorize the
list of genes or proteins according to these top-
ics, and also fo associate them with Biological
Process terms in the Gene Onfology. Finally this
functionality, and the way it is implemented us-
ing web-service technology, allows researchers
to easily include this analysis into their workflows,
providing their research with one more pieces
of information to be taken into account. SENT is
available at http://sent.cnb.csic.es.

MARQ

A tool to mine GEO by content

DNA microarrays have become an extensively
used technique to analyze global gene-expres-
sion profiles. Its widespread usage quickly pro-
moted the creation of gene-expression data
repositories such as the NCBI Gene Expression
Omnibus (GEQ) [7], which currently holds more
than 10,000 experiments for over 500 organisms.
Despite the huge amounts of information avail-
able in GEO, researchers usually focus their anal-
ysis on individual experiments without exploiting
such valuable resources. Gene-expression analy-
ses are usually performed from a gene-centered
perspective, with the goal of identifying relevant
sets of genes that are then used to determine
the biological mechanisms relevant in that ex-
perimental setup. However, besides this gene-




to-phenotype approach, gene signatures can
also be used to establish connections among
different physiological conditions [46]. For exam-
ple, we can discover connections among dis-
eases, drugs or pathways by similarities in their
gene-expression signatures; conditions inducing
similar signatures might be modulating the same
pathways, while conditions with opposite signa-
tures might be involved in reversing the original
phenotype.

MARQ compiles a gene-expression signa-
fure database from all datasets in GEO for five
model organisms (Homo sapiens, Mus musculus,
Rattus norvegicus, Saccharomyces cerevisiae
and Arabidopsis thaliana). For each dataset, a
number of signatures are extracted, each rep-
resenting a potentially relevant comparison be-
tween the dataset samples. The query consists
of two sefs of genes, up-regulated and down-
requlafed (optionally one may be empty). A
rank stafistic is used to give a score and signifi-
cance p-value to the relationship of each signa-
fure to the query based on how the input genes
rank in differential expression for that signature.
Signatures with a direct relationship receive a
positive score and signatures with an inverse re-
lationship receive a negative score. In this way,
datasets, similar in direct or opposite relationship
with the content of the query gene set are suc-
cessfully extracted by MARQ.

There are two types of possible queries: plat-
form based, and organism based (cross-plat-
form) depending on the preference for search-
ing. Additionally, each signature is annotated
with additional meta-information, such as words
in the dataset description or GO terms over-
represented in the list of genes deregulated in
the comparison. An annotation-mining tool can
be used to find patterns in these annotations to
highlight relevant features common to the most
significant signatures.

Finally, a set of signatures of interest can be
analyzed using a meta-analysis methodology
based in Rank Products [47] which highlight genes
commonly deregulated in those signatures. The
application is freely accessible at hitp:/marag.
cnb.csic.es.

Conclusions

Biology is becoming more and more a sci-
ence that necessarily needs to include informa-
fion technology as a basic discipline in order to
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understand the extremely complex biological
processes of living organisms. Tools and meth-
odologies able to efficiently process the huge
amounts of data that are generated in this field
are still demanded by the molecular biology
community. In this report, we have described
a set of bioinformatics tools publicly available
online through web browsers or web-service in-
terfaces. The applications are oriented to the
efficient and robust analysis of gene-expression
information and the functional characterization
of lists of genes or proteins from different per-
spectives. Integrative analysis of all available
data and biological information, as the ones de-
scribed here, is probably one of the best ways to
move towards a complete study of biology from
a global perspective.
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