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OmICS IS an R package dedicated to the multivariate analysis of biological data sets with a specific focus on data exploration,
dimension reduction and visualisation. By adopting a systems biology approach, the toolkit provides a wide range of methods that statistically
integrate several data sets at once to probe relationships between heterogeneous ‘omics data sets. Our recent methods’-3 extend Projection to
Latent Structure (PLS) models for discriminant analysis, for data integration across multiple ‘omics data or across independent studies, and for the
identification of molecular signatures.

Methods based on Projection to Latent
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latent components:
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Aims:

- identify a multi ‘omics signature that explains a phenotype

- achieve maximal correlation between molecular features of different
types for greater biological insights
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MINT?: multivariate P-integration of independent studies on
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