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Genomics and high dimensional statistics
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The high throughtput point of view

o Before high throughput
technologies, gene expression
was quantified gene by gene

e High throughput technologies
completely changed the
perspectives of biologists

o In one experiment, one has
access of the measurements of
all transcripts in a cell (tissue)
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Structure of datasets

H statut H exon; exony ... exonp H Age Sexe Glycemia
i=1 0 10000 50 0 38 F 0.8
i=2 1 10000 30 1 15 M 0.2
i=N 1 20000 25 3 90 F 1.5

For each individual
e Status (discrete/continuous)
e gene expression measurements (counts ou continuous)
e Clinical data

Explain the variations of a given response with gene expression
measurements.
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Example of statistical tasks

e Experimental Design
e Differential Analysis (multiple testing)
e Unsupervised Classification (clustering)

¢ Phenotype prediction (supervised)

I ——
Standard statistical tasks but need to be revisited to account for high
dimension
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New classifications and personalized medicine
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Towards new predictions ?

REPORTS
Molecular Classification of
Cancer: Class Discovery and
e In 1999 an article proposes to Class Prediction by Gene
. Expression Monitoring
predict the molecular status of TR Golub 1 D, K. loim . Tamayo. <. bard

M. Gaasenbeek,” J. P. Mesirov,’ H. Coller,” M. L. Loh,?

Ie u ke m | a pat | entS u Si n g ge nom iC J. R. Downing,® M. A, Caligiuri,* C. D. Bloomfield,*

E. S. Lander™*

H Although cancer classification has improved over the past 30 years, there has
SI gn at ures been no general approach for identifying new cancer classes (class discovery)
or for assigning tumors to known classes (class prediction). Here, a generic

approach to cancer classification based on gene expression monitoring by DNA
" AL v cemias as a test case.

e The number of individuals is 38
for 6817 genes !

e Methodological developments
for genomic signatures and
prediction

 distinction between
ukemia (ALL) without
erived class predictor
e results demonstrate
2ne expression moni-
ind predicting cancer
biological knowledge.
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Data set: Breast Cancer Relapse

o level expression of 54613 genes
for 294 patients affected by
breast cancer.

oxcogENoMIcs
A refined molecular taxonomy of breast cancer

e Y: relapse after 5 years (binary) .

e 214 patients without relapse
and 80 with a relapse.

o Preselection of 5000 genes

e What is the (ada)Lasso
estimation of this data,
estimation ? Prediction
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http://pbil.univ-lyon1.fr/members/fpicard/TP-lasso-2017-part3.html

(Sparse) PCA to visualize the data

 X|,xp] Measurements of p genes over n individuals (centered)

Find a K dimensional subspace to represent the data

Define U,xk the coordinates of the individuals in the new space

Define V. k the coordinates of the variables in the new space
(loadings)

|
Approximate X ~ UV’ by linear projection
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Principal components

e t, is a linear combination of the observed variables
te = Xwy

e w, € RP: contributions of the variables to the component

e The objective function is the empirical variance of the components

~

V(tk) (under orthogonality constraints)

W, = arg max{(ka)’ka}
wy ERP

e The solution is explicit and is given by the K eigen vectors of the
empirical variance of X (centered)
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Sparse PCA

e Some variables may contribute poorly to components (Ex of Sparse
PCA paper)

e w/ are assumed to be sparse

|
wi(A) = arg max {(ka)’ka - A, HwkHl}

wiERP

e Also know as sparse coding or sparse matrix factorization

o Need to calibrate the hyperparameter by cross validation

Practice 3 11/18


http://pbil.univ-lyon1.fr/members/fpicard/TP-lasso-2017-part3.html
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2697346/pdf/kxp008.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2697346/pdf/kxp008.pdf
https://hal.archives-ouvertes.fr/hal-00345747/document

(Sparse) PCA to visualize the individuals
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(Sparse) PCA to visualize the variables
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(Sparse) PCA to visualize the individuals
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(Sparse) PCA to visualize the variables
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(Sparse) PLS for supervised dimension reduction

e What if there is a response vector Y 7

e Instead of reduction dimension based on %A/(tk), use (Ea/(tk,Y)

|
wi(\) = arg max {(ka)’Y - A4 ||wk||1}

wy ERP||wi[|3=1

e Can be reformulated as a regression problem: Y = X3 + E

e Considering T = XW the matrix of principal components, PLS
performs a regression of Y on T

Y = Ty + E, with 8 = W5

e Can be adapted to logistic regression (Y binary, tricky
computations, sparse logistic PLS paper).
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http://pbil.univ-lyon1.fr/members/fpicard/TP-lasso-2017-part3.html
https://arxiv.org/pdf/1502.05933.pdf

(Sparse) PLS to visualize the individuals
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(Sparse) PLS to visualize the individuals
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(Sparse) PLS to visualize the variables
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