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. Overviewon networkinference |
Framework

Data: large scale gene expression data

individuals i
_ j
n =~ 30/50 X= Xi

variables (genes expression), p=~103/4
What we want to obtain: a graph/network with
e nodes: genes;

e edges: “significant” and direct co-expression between two genes
(track transcription regulations).
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Modeling multiple interactions between genes with a
network
Co-expression networks

e nodes: genes

e edges: “direct” co-expression between two genes
Method:

i i

“Correlations” Thresholding
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. Overviewon networkinference |
But correlation is not causality...
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But correlation is not causality...

strong indirect correlation
set.seed(2807); x <- runif(100)

y <- 2*x+1 + rnorm(100,0,0.1); cor(x,y); [1] 0.9870407
Z <- -X+2 + rnorm(100,0,0.1); cor(x,z); [1] -0.9443082
cor(y,z) [1] -0.9336924
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But correlation is not causality...

strong indirect correlation

set.seed(2807); x <- runif(100)

y <- 2*x+1 + rnorm(100,0,0.1); cor(x,y);
Z <- -X+2 + rnorm(100,0,0.1); cor(x,z);
cor(y,z) [1] -0.9336924

# Partial correlation

[1] 0.9870407
[1] -0.9443082

€
cor(Im(y x)$residuals,lm(z x)$residuals) [1] —0.@?@7%%78
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. Overviewonnetworkinference |
Theoretical framework

Gaussian Graphical Models (GGM) [Schéafer and Strimmer, 2005,
Meinshausen and Biihimann, 2006, Friedman et al., 2008]

gene expressions: X ~ N(0,X)

Sparse approach: partial correlations are estimated by using linear
models and a sparse penalty: V|

. Tooi '
X! =p; X7+ € ; arg(r;a)x (IogMLj JZLB” ]
J#i
In the Gaussian framework: 8 = —Zl where S = ¥ related to partial correlations by
=S ’
ﬂl// - /S//S
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0 infersncewith muitiple samples |
Motivation for multiple networks inference

Projet DeLiSus (with Laurence Liaubet): gene expressions from pig
muscle in Landrace and Large white breeds;

e Assumption: A
common functioning
exists regardless the

condition;
S e Which genes are
Landrace f:orrelated
Large White mdependentl.y
from/depending on the

condition?
mmm shared
= specific

Similar references: [Chiquet et al., 2011, Mohan et al., 2012] {Q
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. Inference with multiple samples |
Consensus LASSO

Proposal: Infer multiple networks by forcing them toward a consensual
network.
Original optimization:

. max Z[IogMch—/lZ fkl)

jk)kij,c:1 ..... C c k#j

b3

©

Consensus LASSO (INRA Toulouse, MIAT) Nathalie Villa-Vialaneix Toulouse, 19 mars 2013 9/18



. Inference with multiple samples |
Consensus LASSO

network.

Proposal: Infer multiple networks by forcing them toward a consensual
Original optimization:

max |og MLS - 2 c | .
(Bi)kic=1....c Zc:( j Z ik

k#j
Add a constraint to force inference toward a consensus §°":

max
(B Jktic=1 Z [

log MLf - /IZ

5112
ATl ]
K#j c
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0 infersncewith muitiple samples |
Choice of a consensus
ﬁj?"“s =2 %ﬁf is a good choice because:
aﬂgons ; .
o #@9 exists;
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~Inference with multiple samples |
Choice of a consensus

ﬁ]?"“s =Y %ﬁf is a good choice because:
aﬁlgons
3B
¢ thus, solving the optimization problem is equivalent to maximizing

o exists;

1 = 1
351 S8+ B/ Ty + 4 ) I8
Cc

with Sj(u) = X + 2/1AIA (X;: jth row of empirical covariance matrix
deprived from its jth column; ¥;: empirical covariance matrix deprived from its jth
row and column; A: a matrix that does not depend on j).

Standard LASSO problem that can be solved using a sub-gradient method.
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Bootstrap estimation

Boostraped Consensus Lasso

Require: List of genes: {1, ..., p}; Gene expressions: X; Condition ids:
cie{l,..C}
Initialize V j,j’ € {1,...,p}, N°(j,j’) < O
forb=1—- Pdo

Take a bootstrap sample By

Estimate (87); ¢ from the previous method(*)

if ,6’1‘? # 0 then

Ne(j.j) < N°(j.j") + 1

end if
end for
Select edges with N°(j,j’) > T (T chosen)

) 11 fixed, a full regularization path is used for A, the 10% first edges are kept £2Y
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@ Overview on network inference

@ Inference with multiple samples

® Simulations
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. simuations |
Simulated data

Expression data with known co-expression network

e 9 networks (scale free) taken from
http://www.comp-sys-bio.org/AGN/data.html (100 nodes,
~ 200 edges, loops removed);

e rewire 5% or 10% of the edges to generate two “children” networks
(sharing approximately 90% to 80% of their edges);

e generate “expression data” with a random Gaussian process from
each chid.

©
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http://www.comp-sys-bio.org/AGN/data.html

Precision/recall curve 1

% or rewired edges: 5%, sample sizes: 50 x 2, u = 0.1. Average global
precision and recall over the 9 network pairs
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Precision/recall curve 2

% or rewired edges: 10%, sample sizes: 100 x 2, u = 0.1. Average global
precision and recall over the 9 network pairs
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S
Numeric comparison

_ PrecisionxRecall
Calcul OfF =2x Precision+Recall
Conclusions:

o the boostrap approach increases F;

e the best F obtained is with the bootstrap consensus Lasso except for
1% rewired edges and sample sizes 100 x 100;

e differences between the F sequences with/without the consensus
regularization are significant (Wilcoxon test, 1%) except for 1%
rewired edges and sample sizes 100 x 100.
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Perspectives

¢ Use an out-of-bag approach to tune y;

o Test on real datasets to search for specific/common regulations
between species; but biological validation is long/hard to perform,
especially on pigs (which genome is badly annotated).
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Thank you for your attention...

Joint work with

Magali SanCristobal Matthieu Vignes
(LGC, INRA de Toulouse) (MIAT, INRA de Toulouse)

P—

Laurence Liaubet
(LGC, INRA de Toulouse)
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