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Sequencing revolution
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A flood of omics data
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Cancer
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A cancer cell




A cancer cell
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A cancer cell




@ What is your risk of developing a cancer? (prevention)

@ After diagnosis and treatment, what is the risk of relapse?
(prognosis)

@ What specific treatment will cure your cancer? (personalized
medicine)



o Learning molecular classifiers with network information

@ Kernel bilinear regression for toxicogenomics



o Learning molecular classifiers with network information



Breast cancer prognosis
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Learning with regularization

Given a training set (X, y;);_ _, Where x; € RP (typically,

n =200, p = 20,000), we estimate a linear predictor

fa(x) =B x
by solving
min R(5) + A(5)
where:

@ R(p) is a convex empirical risk, typically

ZZ Xn}’/

for some loss function ¢ (squared error, logistic loss, hinge loss...)

@ Q(p) is a regularization term, typically || 3 ||2 (ridge regression,
SVM...) or || 5|1 (lasso...)



Gene selection, molecular signature

The idea
@ We look for a limited set of genes that are sufficient for prediction.
@ Selected genes should inform us about the underlying biology




Lack of stability of signatures
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Gene networks and expression data

@ Basic biological functions usually involve the coordinated action of
several proteins:
e Formation of protein complexes
e Activation of metabolic, signalling or regulatory pathways

@ Many pathways and protein-protein interactions are already known

@ Hypothesis: the weights of the classifier should be “coherent” with
respect to this prior knowledge




Graph based penalty

fa(x) = B x mﬁin R(f3) + AQ(B)

Prior hypothesis
Genes near each other on the graph should have similar weigths.




Graph based penalty

fa(x) = B x mﬁin R(f3) + AQ(B)

Prior hypothesis
Genes near each other on the graph should have similar weigths.

An idea (Rapaport et al., 2007)
Q6) =Y (6 - B)?,

i~

min R(fs) + A > (8 — B)?.
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Graph Laplacian

Definition

The Laplacian of the graph is the matrix L = D — A.
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Spectral penalty as a kernel

Theorem

The function f(x) = 87 x where 3 is solution of

5@]@7[_‘[24 (ﬁTX/ay/> + )\Z

i~f

is equal to g(x) = v " ®(x) where 7 is solution of

’52%}7325( T(D(X/) YI) +/\'Y Y,

and where
d(x)To(x') = x"Kgx'

for Kg = L*, the pseudo-inverse of the graph Laplacian.
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Classifiers
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Other penalties with kernels

d(x)To(x') = x" Kgx’
with:
@ Kg=(c+ L) 1leadsto

P
QB)=cd F#+> (6i-5)° .
=1 i~j
@ The diffusion kernel:

Kg = expy(—2tL) .

penalizes high frequencies of /5 in the Fourier domain.




Other penalties without kernels

@ Gene selection + Piecewise constant on the graph

QB)=>|8i- 6,!+Z|6,

IN]

@ Gene selection + smooth on the graph

QB)=>_ (Bi—B) +Zlﬁ,

INj




Graph lasso

Two solutions
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Generalization: Group lasso with overlapping groups

0] ||
: vi e "ol
min Y [1vllz 0!
. gcg = o4 V2 Lo
ngélTeni (W) é w — z Vg " i ' * T
geg 0 s

supp (vg) € g- 0]

Properties

@ Resulting support is a unicn of groups in G.

@ Possible to select one variable without selecting all the groups
containing it.

@ Equivalent to group lasso when there is no overlap




Theoretical results

Consistency in group support (Jacob et al., 2009)
@ Let w be the true parameter vector.
@ Assume that there exists a unique decomposition v, such that
W =34V and Q. (W) = 3 [[Vgll2.
@ Consider the regularized empirical risk minimization problem
(W) + )‘Qlatent ( )




Theoretical results

Consistency in group support (Jacob et al., 2009)
@ Let w be the true parameter vector.
@ Assume that there exists a unique decomposition v, such that
W =34V and Q. (W) = 3 [[Vgll2.
@ Consider the regularized empirical risk minimization problem
(W) + )‘Qlatent ( )
Then
@ under appropriate mutual incoherence conditions on X,
@ as n— oo,
@ with very high probability,

the optimal solution W admits a unique decomposition (Vy)geg such
that

{g€lig# 0} = {g e gl7g 0}




Experiments

Synthetic data: overlapping groups

@ 10 groups of 10 variables with 2 variables of overlap between two
successive groups :{1,...,10},{9,...,18},...,{73,...,82}.

@ Support: union of 4th and 5th groups.

@ Learn from 100 training points.
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Frequency of selection of each variable with the lasso (left) and Q7. ()
(middle), comparison of the RMSE of both methods (right).




Lasso signature (accuracy 0.61)
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Graph Lasso signature
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@ Kernel bilinear regression for toxicogenomics



Pharmacogenomics / Toxicogenomics
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Bilinear regression

@ Cell line X, chemical Y, toxicity Z.
@ Bilinear regression model:

Z=f(X,Y)+b(Y)+e

@ Estimation by kernel ridge regression:
. 2
min 3" (f06 )+ by - 2)° 4 AP

feH,beRP
i=1 j=1



Solving in O(max(n, p)3)

Theorem 1. Let Z € R™"*P be the response matriz, and Ky € R™*™ and Ky € RP*P be the kernel
Gram matrices of the n cell lines and p chemicals, with respective eigenvalue decompositions Kx =

UxDxUy and Ky = Uy DyUy.. Lety =Uy1, and S € R™ P be defined by S;; = 1/ (/\ + D@D{;),
where DY (resp. D3, ) denotes the i-th diagonal term of Dx (resp. Dy ). Then the solution (f*,b*)
of (2) is given by
—1
b* = Uy Diag (ST7°2) (ST o (UJ ZTUX)> ~y (3)

and
n

P
V(w,y) € X x Y, f(xy) =Y > aiKx(z,x)Ky(y,y), (4)

i=1 j=1

where

ot = Uy (s o (U; (Z . m”) Uy)) Uy (5)



Kernel Trick

drug descriptors



Kernel Trick
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Kernel Trick
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Kernel choice

Q Kee :
— 29 cell line kernels tested
—> 1 kernel that integrate all information
— deal with missing data



Kernel choice

o KceII :
— 29 cell line kernels tested
—> 1 kernel that integrate all information
— deal with missing data
o Kdrug :
— 48 drug kernels tested
— multi-task kernels



Cell line data integration
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Cell line data integration
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Multi-task drug kernels

@ Dirac

independent regression for each drug



Multi-task drug kernels
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Multi-task drug kernels

Linear kernel and 10 gaussian kernels
based on features:

@ Dirac @ CDK (160 descriptors) and SIRMS
. 9272 descriptors)
Multi-Task (
® WMult-Tas @ Graph kernel for molecules (2D walk
Q@ Feature-based kernel)
@ Fingerprint of 2D substructures (881
descriptors)

@ Ability to bind human proteins (1554
descriptors)



Multi-task drug kernels
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Multi-task drug kernels

@ Dirac

@ Multi-Task Integrated kernel:

@ Feature-based @ Combine all information on drugs
© Empirical

@ Integrated



29x48 kernel combinations: CV results
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29x48 kernel combinations: CV results
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29x48 kernel combinations: CV results
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Kernel on cell lines: CV results

'ntegrated kernel Mean CI for cell line kernels
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Kernel on drugs: CV results

Mean ClI for chemicals kernels

. txt
Kmultitask10
7.txt

KsirmsRbi8.bxt
KedkRbf.txt
txt

txt
KsirmsRbf7.txt
KsirmsRbf6.txt
txt

Kempirical
KcdkRbf7.txt
. txt

KcdkRbf5.txt
KcdkRbf6. txt

Kmultitask7
KcdkRbf4.txt

KsirmsRbf5.txt
KsirmsMean

Kint
KsirmsRbf4.txt

Kmultitask3
KcdkRbf2.txt
KsirmsRbf3. txt
KcdkRbf3.txt
KsirmsRbf1.txt
txt

Kmultitask1
KsirmsRbf2.txt
Kokt ixt
t

Xt
Kmultitask11
txt

T T T T
0.50 0.51 0.52 0.53

0.54



Final Submission (ranked 2nd)

Mean €l for chemicals kernels Empirical kernel on dl"l.lgs
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