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History
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Once upon a time in Toulouse, a city in South West of France,
two groups of scientists lived nearly together without &
talking to each other.
But one day, they decided to do so and to work together.
They had Ph.D students, wrote articles and built R packages...
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Why integrOmics ?
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Methodology

Two ways to deal with the 'large p - small n' problem in the classical
framework provided by Canonical Correlation Analysis and Partial
Least Squares regression.

p q
n X Y
CCA / regularization PLS / selection
« Maximize correlation « Maximize covariance
between linear combination between linear combination
of variables in Xand Y of variables in Xand Y
* Requires inversion of XX' » Selection obtained through
and YY' Lasso penalization of loading

* Regularization of CCA vectors

(XX ') '=(XX"+A,.1 )"
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Applications
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IntegrOmics R package
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Step 2 : optional
regularization process

| Step 3 : computation
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Step 4 : output
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Using integrOmics

* From X and Y two matrices

* Preliminary view of the correlations matrices
R> 1imgCor (X, Y, type = "separate")

e Classical CCA

R> res.rcc = rcc (X, Y)

* Reqgularized CCA
R> res.rcc = rcec (X, Y, 0.05, 0.01)

e PLS
R> res.pls = pls (X, Y)

o Sparse PLS

R> res.pls = spls (X, Y, mode=c("regression", "canonical"),

+ keep.X=c (10, 10, 10), keep.Y=c (10, 10, 10))
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Comp 2

Graphical display

R> plotVar (res.rcc,

+ X.label=T,Y.label=T)
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Variables plot

R> plotIndiv (res.rcc),

+ ind.names=nutrimouseSdiet
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Future work

 Provide new graphical display using ‘@ ° e
graphs I
Q @
& SR « Methodologies to deal

with more than 2 data sets

 Functional statistics to
deal with metabolomics
or proteomics data
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Summary
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