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Introduction

New high-throughput methods have led to immense data sets in biologi-
cal research. However, these data sets create significant problems for data
analysis. For instance, the identification of interacting genetic variants plac-
ing individuals at risk for or providing protection from the development of
polygenic diseases requires identification of sets of interacting genes. The
standard statistical approaches were developed for cases of many samples
and few loci of interest, and they cannot achieve power in the face of the
enormous growth in our knowledge of genomics. Simple calculations show
that as the number of typed loci and the number of potential interactions
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between genes increase, it will become impossible to design a study with
sufficient statistical power using present analysis methods (e.g., with 1000
loci and 4-gene interactions there are more than 40 billion potential com-
binations). Similar problems exist for both microarray and proteomic data,
as well as for any other high-throughput data type where a comparison is
made to biological samples, which tend to be limited in number.

One potentially fruitful approach to overcoming this curse of dimen-
sionality is to guide inference on these large data sets by inclusion of prior
knowledge generated over many decades by biologists and geneticists. The
knowledge can be used to develop models against which experimental data
can be tested, or it can be used in the design of statistical distributions
for sampling techniques. One example of such treatment is the growing
use of Bayesian statistical methods coupled to Markov chain Monte Carlo
techniques. However, there are now many groups working on highly diverse
methods to address these problems.

A second area of active research is the integration of diverse data types,
which can also be considered a use of biological information to guide anal-
ysis. For instance, in the case of polygenic diseases, it would be logical to
limit the loci to be analyzed to those that link in some way to differences in
gene expression between cases and controls, or to genes which encode pro-
teins in pathways of biological interest to the disease. Thus, results from
analyzing one form of data, microarrays or biological pathways, serve as
prior knowledge in the analysis of a second form of data, genotypes. In ad-
dition, it is often highly desirable to use data from well studied organisms,
such as fruit fly or nematode, to guide inferences in higher organisms. The
need to link data across data domain, such as from a single nucleotide poly-
morphism (SNP) to protein interaction, requires establishing ontologies or
at minimum controlled vocabularies that allow automatic linking of data
elements. Linking data between species requires identification of orthologs
and orthologous pathways and interactions.

This session focuses on these two broad issues in integrated data analy-
sis: the development of analysis methods that utilize multiple types of data
and the establishment of methods to integrate diverse data. The papers
reflect the continuum from the SGDI tool for integrating diverse data in R
to analyses of the gylcan proteome and a large genotypic data set.

Papers

The first two papers in the session provide tools for data integration during
analysis. SGDI, the System for Genomic Data Integration, is built on top of
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the widely used R/Bioconductor framework.1 It uses the concept of assays
for high-throughput data (e.g., microarrays, SNPchips) and tightly binds
phenotype data to these assays (e.g., tumor stage, patient data) to track
phenotypic information throughtout the analysis workflow. An important
feature of the system is the inclusion of an extended version of the Sequence
Ontology providing semantic integration of the data. The NARADA system
leverages molecular interactions and other annotations during the analysis
of networks, such as genetic regulatory networks.2 The primary network is
projected onto the annotation space, and functional networks are deduced
using annotations from this primary network created by, for instance, gene
expression analysis. This converts the inference of relationships between
genes or proteins to inference of relationships between biological processes.

The middle three papers of the session focus on three different issues in
the analysis of diverse data. The first paper addresses the problem of build-
ing classifiers from multiple data types, here microarray and proteomics
data.3 Unlike some approaches that look at mRNA species and encoded pro-
teins, the work presented here looks to find the best discriminatory mRNA
species and independently the best protein species. A subset of these are
combined within a single classifier built using least squares support vector
machines (LS-SVM), providing better sensitivity and specificity with fewer
overall features. The second paper provides a solution to an important
problem in the analysis of large genomic data sets – lists of genes carried
forward during analysis rely on thresholds, leading to loss of information
and questionable use of statistical tests later in the chain of analysis.4 This
work provides an integrated probabilistic framework for appropriate infer-
ence on gene sets or pathways, including gene ontology. Statistically the
approach provides a full joint probability distribution from both data and
annotations for estimation of biological parameters (e.g., upregulation of
a pathway). The authors apply this method in a mouse model of prostate
cancer. The third paper introduces a method to look at the multiscale cor-
relation structure between different types of data, which is important since
we generally do not know the length scales of interest in genomic processes.5

In this case, correlations between histone modifications and DNase activity
and between repressing and activating histone modifications are studied.
The methodology relies on wavelets to calculate correlations, Kolmogorov-
Smirnof statistics to test significance between different comparisons, and
permutation tests to compare the results to randomized sequences.

The final two papers introduce new analysis approaches that have the
potential to include significant prior information. In the first paper, a
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methodology for handling the large number of potential interactions be-
tween genetic variants in genome wide association studies is presented.6

The method relies on random draws of variants at loci and the comparison
of the set of variants to phenotype. A variant that is associated with pheno-
type should, over many random draws, obtain a higher posterior probability
of association. The distribution of variants for the random draws can reflect
prior knowledge of the phenotype (e.g., pathways associated with cancer)
or other independent knowledge. In the final paper, a new approach for
identification of biomarkers in proteomic data is presented.7 An ongoing
issue in the field is the identification of peaks that associate with a covari-
ate of disease (e.g., age), rather than with the disease itself. The method
described here first eliminates peaks from mass spectra that correlate with
noninformative parameters provided by prior information, and then isolates
peaks that distinguish phenotype. The technique is demonstrated by iso-
lating a proteomic signature distinguishing hepatocellular carcinoma and
chronic liver disease.
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