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Abstract

The analysis of data stemming from high throughput biology experiments offers multi-
ple challenges to the computational biology and bioinformatics community, e.g. manipula-
tion, annotation and visualisation of the data and transparent, traceable and reproducible
analysis. These difficulties can be partly or completely lifted by appropriate data struc-
tures. A set of data representation for various omics data types, as implemented and
successfully utilised in the frame of the Bioconductor project will be presented to illustrate
how such unified interfaces to complex biological data and its associated meta-data enable
scientists to focus on the processing, examination and interpretation of biological data.

Introduction

The pace at which modern biology generates data has often been coined as a deluge. The data
analysis that transforms the raw, convoluted data into manageable and interpretable results
has become the main bottleneck in high-throughput biology despite cross-disciplinary efforts
and major advances in computational biology and bioinformatics.

The situation, in which the computational scientists spends a considerable amount of time
transforming and managing the data to obtain a convenient format, prior to effective data
exploration and analysis is, sadly, not an uncommon situation. In addition, the multivariate
nature of biology often require substantial data annotation that needs to be collected and
collated to the actual experimental data. Finally, the complexity of the biology and of the
omics data itself, as well as the processing the latter needs to be subjected to, make it very
difficult, even for experienced users, to track the computations and verify the results by merely
looking at the input and the output. These challenges make a compelling case for robust and
transparent infrastructure without compromising the flexibility needed to explore biological
diversity.

The Bioconductor project [7] provides software for the analysis and comprehension of vari-
ous high-throughput omics data. It distributes over 600 interoperable software and annotation
packages developed for the R statistical programming language and environment [11], promotes
collaborative and open scientific software development and is supported by a wide and multi-
disciplinary user and developer community.

Infrastructure for various omics data

The eSet data object type provides a template for the representation of high-throughput as-
says and experimental meta-data. Originally designed and implemented for the microarray
technology (for instance the AffyBatch [6] and ExpressionSet [7] classes), implementation of
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the eSet structure have been proposed for high-throughput sequencing RNA-Seq count data
(CountDataSet) [1] and proteomics data (MSnExp and MSnSet) [5].

All these data structures are build on the same principle: in addition to the main assay
data, be it raw microarray probe intensities or transcript estimates, HTS read counts, raw or
quantified mass-spectrometry based proteomics data, additional meta-data is provided for the
experiment samples, termed phenoData, and meta-data describing the features under consid-
eration, coined featureData. These respective meta-data structure can be updated when new
information, for example biological annotation retrieved from databases or analysis metrics
obtained in the frame of the data processing itself, is obtained. The validity of the data is
guaranteed by coordinated and transparent data and meta-data handling.

Applications

Coordination of well defined data structure allows straightforward application of data pro-
cessing algorithms across different omics domains. The Variance Stabilization Normalization
[8, 9], initially developed for microarrays and applied to RNA-Seq data, had been described to
be applicable to quantitative proteomics data [10] and is readily available through the adher-
ence to common programming paradigms [5]. Similarly, application of compatible visualisation
techniques to different data sets, like quantitative data of mRNA microarrays, RNA-Seq and
proteomics data become straightforward.

Utilisation of the described framework is an important step in exploring the complexity of
biology, making conceptually simple analysis trivial and more elaborated meta-omics analyses
easier. Two use cases of such integrated analyses will be presented. The first one is work done
by Vince J. Carey, a core member of Bioconductor project, integrating genetic data (using the
SnpMatrix and XSnpMatrix infrastructure for genetic data [4]) and gene expression profiles [2].
I will also present some data from [3], combining expression data from Affymetrix GeneChips
and iTRAQ 4-plex [12] quantitative proteomics data.
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