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One of the key challenges in the analysis of the wealth of genome scale experiments is its meaningful
interpretation. This is complicated by the fact that biological processes are regulated at different levels
while also interacting with one another. The integrated study of complementary data promises to
provide a handle to addressing this complexity. While the curse of dimensionality is a well known issue
in the analysis of genome-scale data, it is compounded by the integration of multiple data tracks. The
question therefore arises, what sample sizes are typically required to allow a meaningful multi-track
analysis. We here try to address this by studying the performance of a joint analysis of gene and
mMiRNA expression data in a large multi-patient study. In this abstract, we present preliminary results
for a popular method for inferring regulatory factors of modules identified by a Gibbs sampling based
bi-clustering. We will extend this preliminary study with a comparison to other analysis approaches for
the conference.

We have applied the LeMoNe algorithm (Bonnet et al., 2010) to construct regulatory modules from a
Glioblastoma multiforme subset of 534 miRNA and 11925 gene expression profiles for 232 patients.
The dataset was subsampled to sizes reduced by multiples of two for a smallest data set of 7
samples. Each subset was sampled 9 times for an assessment of robustness. After bi-clustering of the
joint gene & miRNA expression profiles, the miRNAs were tested as potential regulators.

We report on two measures of biological relevance:

a) the enrichment of miRNAs that have been reported to be Glioblastoma associated (‘known’) in the
set of identified regulator miRNAs (Ruepp et al., 2010), and

b) the enrichment of predicted gene targets according to MicroCosm (Kozomara & Griffiths-Jones,
2011) matching the ‘regulator miRNA' in its associated modules of regulated genes. Enrichment
significance was computed by Fisher’s exact test.
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. miRNA target enrichment in regulated clusters
Figure 2.

Number of miRNAs for
which a significant
enrichment of their predicted
targets could be identified in
their regulated clusters. An
enrichment was considered
significant for a p-value
threshold of 10%.
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A significant enrichment could be observed both of Glioblastoma associated miRNAs in the set of
identified regulatory miRNAs and of predicted miRNA targets in the regulated clusters. While good
results can already be obtained with moderate sample sizes, the studied approach begins to break
down for the smaller sample sizes tested. In particular, for samples of 7 or 14 patients, enrichment of
Glioblastoma associated miRNA s was not significant, and no significant target enrichment was found
for some subset samples. This suggests that about 30 samples are required to take advantage of this
integrated analysis approach for the identification of miRNA/gene regulatory modules.

We will extend this study to compare the robustness of the standard LeMoNe approach with
alternative approaches for the conference.
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