Integrated Gene Set Analysis
for microRNA Studies

Aim
From a systems biology perspective, gene set analysis (GSA) allow us to understand the molecular basis of a genome-scale
experiments. Gene set methods are much more sensitive than single enrichment methods in detecting gene sets (defined as
sets of genes with a common annotation) with a joint implication in a genomic experiment. But currently there are not GSA

methods tailored for the miRNA context. In this work we present a novel approach to the functional interpretation of miRNA
studies which keeps the advantages of the GSA.

Methods Results
Data. We downloaded 20 datasets from The Cancer Genome Atlas | |
(http://cancergenome.nih.gov/), containing tumoral and normal samples ® This new approach has allowed to obtain a
from HiSeq techonology. genomic functional profiling for different

cancers when using miRNA data.

® Differential expression analysis was carried out for mRNA and miRNA

levels (Bioconductor library edgeR) (1).
® |n our study we used Gene Ontology terms

® Information from miRNA was transferred to gene level by adding its (http://www.geneontology.org/) to define gene

effects and generating a new index which ranks genes according to their sets, obtaining detailed functional results for

differential inhibition by miRNA activity across biological conditions each ontology (biological process, cellular
component and molecular function).

® Given such ranking statistics of the genes for each functional class, we

apply the logistic regression models for GSA (2,3). P-values were corrected

for multiple testing using the method Benjamini and Yekutieli (4).
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G0:1901863 positive regulation of muscle tissue development 15 -1.1171092 1.350276e-06 0.023797750
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regulation of transmembrane transport 128 -0.4143974 3.324984e-06 0.033787909
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regulation of ion transmembrane transport 123 -0.4019287 9.932750e-06 0.070023351
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G0:0022898 regulation of transmembrane transporter activity 94 -0.4409666 2.140044e-05 0.083815362
GO:0007440  foregut morphogenesis 11 -1.1498006 2.427932e-
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Conclusions

® This method may be successfully applied in genomic functional profiling, transferring miRNA data to gene level so that GSA

can be properly applied.
® Functional results take advantage of the knowledge already available in biological databases and can help to understand

large-scale experiments from a systems biology perspective.
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