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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 methods1-3 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
Structures (PLS) models5
Eighteen multivariate methods (12 are novel)

Nineteen multivariate methods (13 are novel)

Integrative ‘omics

N-integration of multiple ‘omics measured
on the same biological samples2
Aims:
- identify a multi ‘omics signature that explains a phenotype
- achieve maximal correlation between molecular features of different
types for greater biological insights
Challenges:
• large number of highly
collinear variables
• vague biological
question (’I want to
integrate my data’)

Toy example on Breast
Cancer from TCGA:
• 150 samples
• 3 training datasets:
mRNA, miRNA,
proteomics
• 3 tumor subtypes
• 2 test datasets: mRNA
and miRNA

• Matrix decomposition into
latent components:
- dimension reduction
- visualisation (projection of
large datasets into the
components subspace)
• Covariance between
components is maximised
• Feature selection via LASSO
(sparse methods)

Other frameworks:
Single ‘omics4 and P-integration3
mixMC4: multivariate analysis to characterise and compare
microbial communities (16S, metagenomics)
Motivation: first multivariate method for beta diversity analyses
to identify bacteria driving changes in microbial community.

http://mixomics.org/mixmc
MINT3: multivariate P-integration of independent studies on
the same variables (genes)
Motivation: Combining several independent transcriptomics
datasets increases sample size, avoids data obsolescence, and
identifies a platform agnostic signature.

http://mixomics.org/mixmint

Example of computational time cluster with 10 cpus and 50 Gb RAM

http://mixomics.org/mixdiablo/
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