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Molecular stratification

Diagnosis, prognosis, drug response prediction, ...



Machine learning formulation

n(= 19) >> p(= 2) : easy
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Machine learning formulation

n(= 19) >> p(= 2) : easy



Challenge: n << p

n = 102 ∼ 104 (patients)
p = 104 ∼ 107 (genes, mutations, copy number, ...)

Accuracy drops,



Outline

1 Learning molecular signatures with network information

2 Multitask learning for toxicogenetics
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Feature selection (a.k.a. molecular signature)



Example: Breast cancer prognostic signature



But...

70	genes	(Nature,	2002)	 76	genes	(Lancet,	2005)	

3	genes	in	common	



3 genes is the best you can expect given n and p
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Paris, France

Abstract

Biomarker discovery from high-dimensional data is a crucial problem with enormous applications in biology and medicine.
It is also extremely challenging from a statistical viewpoint, but surprisingly few studies have investigated the relative
strengths and weaknesses of the plethora of existing feature selection methods. In this study we compare 32 feature
selection methods on 4 public gene expression datasets for breast cancer prognosis, in terms of predictive performance,
stability and functional interpretability of the signatures they produce. We observe that the feature selection method has a
significant influence on the accuracy, stability and interpretability of signatures. Surprisingly, complex wrapper and
embedded methods generally do not outperform simple univariate feature selection methods, and ensemble feature
selection has generally no positive effect. Overall a simple Student’s t-test seems to provide the best results.
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Introduction

Biomarker discovery from high-dimensional data, such as
transcriptomic or SNP profiles, is a crucial problem with
enormous applications in biology and medicine, such as diagnosis,
prognosis, patient stratification in clinical trials or prediction of the
response to a given treatment. Numerous studies have for example
investigated so-called molecular signatures, i.e., predictive models
based on the expression of a small number of genes, for the
stratification of early breast cancer patients into low-risk or high-
risk of relapse, in order to guide the need for adjuvant therapy [1].

While predictive models could be based on the expression of
more than a few tens of genes, several reasons motivate the search
for short lists of predictive genes. First, from a statistical and
machine learning perspective, restricting the number of variables
is often a way to reduce over-fitting when we learn in high
dimension from few samples and can thus lead to better
predictions on new samples. Second, from a biological viewpoint,
inspecting the genes selected in the signature may shed light on
biological processes involved in the disease and suggest novel
targets. Third, and to a lesser extent, a small list of predictive genes
allows the design of cheap dedicated prognostic chips.

Published signatures share, however, very few genes in
common, raising questions about their biological significance
[2]. Independently of differences in cohorts or technologies, [3]
and [4] demonstrate that a major cause for the lack of overlap
between signatures is that many different signatures lead to
similar predictive accuracies, and that the process of estimating
a signature is very sensitive to the samples used in the phase of
gene selection. Specifically [5], suggest that many more samples
than currently available would be required to reach a descent

level of signature stability, meaning in particular that no
biological insight should be expected from the analysis of
current signatures. On the positive side, some authors noticed
that the biological functions captured by different signatures are
similar, in spite of the little overlap between them at the gene
level [6–8].

From a machine learning point of view, estimating a signature
from a set of expression data is a problem of feature selection, an
active field of research in particular in the high-dimensional setting
[9]. While the limits of some basic methods for feature selection
have been highlighted in the context of molecular signatures, such
as gene selection by Pearson correlation with the output [5], there
are surprisingly very few and only partial investigations that focus
on the influence of the feature selection method on the performance and
stability of the signature [10]. compared various feature selection
methods in terms of predictive performance only, and [11] suggest
that ensemble feature selection improves both stability and
accuracy of SVM recursive feature elimination (RFE), without
comparing it with other methods. However, it remains largely
unclear how ‘‘modern’’ feature selection methods such as the
elastic net [12], SVM RFE or stability selection [13] behave in
these regards and how they compare to more basic univariate
techniques.

Here we propose an empirical comparison of a panel of feature
selection techniques in terms of accuracy and stability, both at the
gene and at the functional level. Using four breast cancer datasets,
we observe significant differences between the methods. Surpris-
ingly, we find that ensemble feature selection, i.e., combining
multiple signatures estimated on random subsamples, has
generally no positive impact, and that simple filters can
outperform more complex wrapper or embedded methods.
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Gene networks as prior knowledge

 

N

-

Glycan 
biosynthesis

   

Protein 
kinases

DNA  
and 
RNA 
polymerase 
subunits

Glycolysis / 
Gluconeogenesis 

Sulfur
metabolism

Porphyrin
and 
chlorophyll 
metabolism

Riboflavin metabolism

Folate
biosynthesis

Biosynthesis of steroids, 
ergosterol metabolism

 

Lysine
biosynthesis

Phenylalanine, tyrosine and
tryptophan biosynthesis Purine

metabolism

Oxidative 
phosphorylation, 
TCA cycle

Nitrogen,
asparagine
metabolism

Can we force the signatures to be "coherent" with a known gene
network?



Network-driven structured feature selection (Jacob et
al., 2009)

1 Using the network, define a non-smooth and convex subset of
"candidate" signatures compatible with it

Ω(β) = sup
α∈Rp:∀i∼j,‖α2

i +α
2
j ‖≤1

α>β .

2 Among the candidates, find the best signature that explains the
data (efficient optimization through convex programming)



Lasso signature (accuracy 0.61)

Breast cancer prognosis



Graph Lasso signature (accuracy 0.64)

Breast cancer prognosis
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Toxicogenetics

Genotypes from the 1000 genome project
RNASeq from the Geuvadis project



Again, n << p

n	=	5E4	
	
p	=	1E10	



Crowd-sourcing: the DREAM8 Toxicogenetics
challenge



Bilinear regression

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

Z = f (X ,Y ) + b(Y ) + ε ,

Estimation by kernel ridge regression:

min
f∈H,b∈Rm

n∑
i=1

m∑
j=1

(
f (xi , yj) + bj − zij

)2
+ λ‖f‖2 ,

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



Kernel Trick

cell line descriptors

drug descriptors
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Kernel Trick

cell line descriptors

drug descriptors

Kcell

kernelized
Kdrug

kernel
bilinear

regression f̂
Kernel choice?
. descriptors
. data integration
. missing data
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Kernel choice

1 Kcell :
=⇒ 29 cell line kernels tested
=⇒ 1 kernel that integrate all information
=⇒ deal with missing data

2 Kdrug :
=⇒ 48 drug kernels tested
=⇒ multi-task kernels
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Cell line data integration

Covariates
. linear kernel

SNPs
. 10 gaussian 

kernels

RNA-seq
. 10 gaussian 

kernels
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Cell line data integration

Covariates
. linear kernel
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Multi-task drug kernels

1 Dirac
2 Multi-Task
3 Feature-based
4 Empirical
5 Integrated

independent regression for each drug



Multi-task drug kernels

1 Dirac
2 Multi-Task
3 Feature-based
4 Empirical
5 Integrated

sharing information across drugs



Multi-task drug kernels

1 Dirac
2 Multi-Task
3 Feature-based
4 Empirical
5 Integrated

Linear kernel and 10 gaussian kernels
based on features:

CDK (160 descriptors) and SIRMS
(9272 descriptors)
Graph kernel for molecules (2D walk
kernel)
Fingerprint of 2D substructures (881
descriptors)
Ability to bind human proteins (1554
descriptors)



Multi-task drug kernels

1 Dirac
2 Multi-Task
3 Feature-based
4 Empirical
5 Integrated

Empirical correlation
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Multi-task drug kernels

1 Dirac
2 Multi-Task
3 Feature-based
4 Empirical
5 Integrated

Kint =
∑

i

Ki

Integrated kernel:
Combine all information on drugs



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
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Kernel on drugs: CV results
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Final Submission (ranked 2nd)
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Conclusion

Small n large p =⇒ regularized models with prior knowledge
Heterogeneous data integration =⇒ kernel methods
Performance remains often disappointing!
Progress arise by small steps
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