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Machine Learning?



Example: Toxicogenetics / 
Pharmacogenomics



Problem: n << p

n = 5E4 
!
p = 1E10
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Example: Patient stratification
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Problem again: n << p

n = 1E2 ~ 1E4 
(patients) 
!
p = 1E4 ~ 1E7 
(genes, mutations, 
copy numbers, …)
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Feature Selection techniques

1) Filter methods: test association between features and 
response one by one (eg: correlation, t-test, …) 

!
2) Wrapper methods: search a subset of features such that 

the classifier works well (best subset selection, forward 
search, recursive feature elimination…) 

!
3) Embedded methods: directly optimize sparse models 

(eg: lasso, elastic net, …) 



Some "surprising" results
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70 genes (Nature, 2002)
Articles

Introduction
About 60–70% of patients with lymph-node-negative
breast cancer are cured by local or regional treatment
alone.1,2 The most widely used treatment guidelines are
the St Gallen3 and the US National Institutes of Health4

consensus criteria. These guidelines recommend
adjuvant systemic therapy for 85–90% of lymph-node-
negative patients. There is a need for specific definition
of an individual patient’s risk of disease recurrence to
ensure that she receives appropriate therapy. Currently,
few diagnostic tools are available to identify at-risk
patients. To date, gene-expression patterns have been
used to classify breast tumours into clinically relevant
subtypes.5–21 We report a comprehensive genome-wide
assessment of gene expression to identify broadly
applicable prognostic markers.5,6 In this study, we
aimed to develop a gene-expression-based algorithm
and to use it to provide quantitative predictions on
disease outcome for patients with lymph-node-negative
breast cancer.

Methods
Patients’ samples
We selected from our tumour bank at the Erasmus
Medical Center (Rotterdam, Netherlands) frozen
tumour samples from patients with lymph-node-
negative breast cancer who were treated during

1980–95, but who did not receive systemic neoadjuvant
or adjuvant therapy. Tumour samples were submitted
to our reference laboratory from 25 regional hospitals
for measurements of steroid-hormone receptors.
Guidelines for primary treatment were similar for all
hospitals. Selection of tumours aimed to avoid bias. On
the assumption of a relapse rate of 25–30% in 5 years,
and a substantial loss of tumours for quality-control
reasons, 436 samples of invasive tumours were
processed. Patients with poor, intermediate, and good
clinical outcome were included. Samples were rejected
on the basis of insufficient tumour content (53), poor
RNA quality (77), or poor chip quality (20); thus,
286 samples were eligible for further analysis. The
study was approved by institutional medical ethics
committee (number 02·953). The median age of the
patients at surgery was 52 years (range 26–83). 219 had
undergone breast-conserving surgery and 67 modified
radical mastectomy. Radiotherapy was given to
248 patients (87%) according to our institutional
protocol. The proportions of patients who underwent
breast-conserving therapy and radiotherapy are normal
for lymph-node-negative disease. Patients were
included irrespective of radiotherapy status because
this study did not aim to investigate the effects of a
specific type of surgery or adjuvant radiotherapy.
Furthermore, other studies have shown that

Lancet 2005; 365: 671–79
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Gene-expression profiles to predict distant metastasis of
lymph-node-negative primary breast cancer
Yixin Wang, Jan G M Klijn, Yi Zhang, Anieta M Sieuwerts, Maxime P Look, Fei Yang, Dmitri Talantov, Mieke Timmermans, 
Marion E Meijer-van Gelder, Jack Yu, Tim Jatkoe, Els M J J Berns, David Atkins, John A Foekens

Summary
Background Genome-wide measures of gene expression can identify patterns of gene activity that subclassify
tumours and might provide a better means than is currently available for individual risk assessment in patients
with lymph-node-negative breast cancer.

Methods We analysed, with Affymetrix Human U133a GeneChips, the expression of 22 000 transcripts from total
RNA of frozen tumour samples from 286 lymph-node-negative patients who had not received adjuvant systemic
treatment.

Findings In a training set of 115 tumours, we identified a 76-gene signature consisting of 60 genes for patients
positive for oestrogen receptors (ER) and 16 genes for ER-negative patients. This signature showed 93% sensitivity
and 48% specificity in a subsequent independent testing set of 171 lymph-node-negative patients. The gene profile
was highly informative in identifying patients who developed distant metastases within 5 years (hazard ratio 5·67
[95% CI 2·59–12·4]), even when corrected for traditional prognostic factors in multivariate analysis (5·55
[2·46–12·5]). The 76-gene profile also represented a strong prognostic factor for the development of metastasis in
the subgroups of 84 premenopausal patients (9·60 [2·28–40·5]), 87 postmenopausal patients (4·04 [1·57–10·4]),
and 79 patients with tumours of 10–20 mm (14·1 [3·34–59·2]), a group of patients for whom prediction of
prognosis is especially difficult.

Interpretation The identified signature provides a powerful tool for identification of patients at high risk of distant
recurrence. The ability to identify patients who have a favourable prognosis could, after independent
confirmation, allow clinicians to avoid adjuvant systemic therapy or to choose less aggressive therapeutic options.

76 genes (Lancet, 2005)

3 genes in common

But…



Lack of stability of signatures
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(Haury et al., 2011)

and nothing seems to work better



Give up machine learning and go to Tahiti?



Sparsity with the LASSO

- Linear model 
f(x) = w1 x1 + w2 x2 + … + wP xP 
!
- Sparse when wK=0 for many K’s 
!
- Learn a sparse model by 
minimize Error(w)   
such that   
w is in the grey box O 
!
- O is convex -> efficient algorithm 
- O has edges -> sparsity

Why LASSO leads to sparse solutions

Jean-Philippe Vert (ParisTech) Machine Learning in Computational Biology 251 / 432



Structured sparsity with 
atomic norms

1) Choose a set of ATOMS



1) Choose a set of ATOMS

2) Take the convex hull O

Structured sparsity with 
atomic norms



1) Choose a set of ATOMS

2) Take the convex hull

3) Minimize Error(w) 
 such that 
    w is in the convex hull

The solution is a sparse model over the ATOMS!

Structured sparsity with 
atomic norms



Unit norm balls
Geometric interpretation
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Beyond sparsity: structured sparsity

Ridge Lasso Group Lasso

Quizz: where are the atoms?



Examples

Vector `1-norm: x 2 Rp 7! kxk1

A =
�± ek | 1  k  p

 

Matrix trace norm: Z 2 Rm1⇥m2 7! kZk⇤ (sum of singular value)

A =
�
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Quizz (cont.)

Trace norm 
to learn matrices with small rank

Graph Lasso (Jacob et al. 2009) 
to select features that tend to be 
connected over a given network

Graph-based structured feature selection

Graph lasso(s)
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Lasso signature (accuracy 0.61)

Breast cancer prognosis

Breast cancer prognosis signature 
with Lasso (accuracy=61%)



Breast cancer prognosis signature 
with Graph Lasso (accuracy=64%)Graph Lasso signature (accuracy 0.64)

Breast cancer prognosis



Columns with disjoint supports

X =

Motivation: multiclass or multitask classification problems where
we want to select features specific to each class or task
Example: recognize identify and emotion of a person from an
image (Romera-Paredes et al., 2012), or hierarchical
coarse-to-fine classifier (Xiao et al., 2011; Hwang et al., 2011)

Learning sparse models with  
disjoint support ?

Motivation 
- Multiclass or multi-task 

classification problems 
- Eg: predict identity and emotion 

from a face 
- Eg: cascade of classifiers

Figure 2.1: Taxonomic constitution of the benchmark dataset. The tree shown
on the upper part of the figure shows the taxonomic organisation of the bacterial panel
considered in our benchmark. The leaves of the taxonomy correpond to the 20 species
and their parent to the 9 genera. Internal correspond to either phenotypic (e.g. Gram
positive and negative at the top of the taxonomy) or evolutive attributes. Nodes shown
in grey are those that can be pruned for computational e�ciency, because they have a
single child. Circles shown on the bottom represent the number of strains (dark grey)
and spectra (light grey) available for each species.

repository1. For intellectual property issues, it had to be anonymized: the name of the

species are not given, and most of the nodes of the taxonomy are hidden. We note

however that the considered taxonomy is polyphasic and involves both phenotypic and

evolutionary traits. For instance, the uppermost level of the taxonomy separates species

into Gram positive and Gram negative, and the two lowest levels provide the species

and genus information. Such a hybrid taxonomic definition is common in the context of

clinical microbiology, where manual identification involves a succesion of tests meant to

establish several phenotypic and metabolic properties of the micro-organism to identify

(e.g., Gram +/- or aerobe/anaerobe). These properties correspond to the upper levels

of the taxonomy, while the lower ones correspond to standard phylogenetic levels (e.g.,

family, genus and species).

We note finally that we have considered in this study a peak-list representation in

which a mass spectrum is represented by a vector x œ Rp, where p is the numbers of

bins considered to discretize the mass to charge range, and each entry of x is derived

from the intensity of the peak(s) found in corresponding bin. Figure 2.2 represents a

clustered version of the MicroMass dataset, where the rows correspond to 571 mass-

spectra ordered according to their genus label and the columns are the 1300 intensity

peaks grouped by an unsupervised clustering step. Interestingly, we remark block

structures suggesting that some features uniquely belong to one genus class.

While several schemes have been proposed to define such a peak-list representation

(see [49] for instance), we have relied in this study on the approach embedded in the

VITEK-MS system, which provides a peak-list representation of dimension p = 1300,

1
http://archive.ics.uci.edu/ml/datasets/MicroMass
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Columns with disjoint supports

X =

Motivation: multiclass or multitask classification problems where
we want to select features specific to each class or task
Example: recognize identify and emotion of a person from an
image (Romera-Paredes et al., 2012), or hierarchical
coarse-to-fine classifier (Xiao et al., 2011; Hwang et al., 2011)

An atomic norm (ECML 2014)

Optimality of ⌦K for p = 2

Theorem (Vervier, Mahé, d’Aspremont, Veyrieras and V., 2014)
For any X 2 Rn⇥2,

k X k2
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Convex penalty for orthogonal columns
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Theorem (Xiao et al., 2011)
If K̄ is positive semidefinite, then ⌦K is convex, where

K̄ij =

(

| Kii | if i = j ,
� �

� Kij
�

� otherwise.
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Example: multiclass classification of MS spectra
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Application: Microbial identification 
from MALDI-TOF MS spectraJoint work with...
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Low-rank matrices with sparse factors

X =

X =
r

X

i=1

uiv>
i

factors not orthogonal a priori
6= from assuming the SVD of X is sparse

Learning low-rank matrices with 
sparse factors ?

- Bilinear regression with 
sparse latent factors 

- Sparse PCA 
- Sparse CCA 
- Hidden clique problem 
- Community detection in 

networks



Low-rank matrices with sparse factors

X =

X =
r

X

i=1

uiv>
i

factors not orthogonal a priori
6= from assuming the SVD of X is sparse

An atomic norm (NIPS 2014)Vector case

When q = m2 = 1, ⌦k ,1(x) is the k -support norm of Argyriou et al.
(2012), i.e., the overlapping group lasso with all groups of size k .
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Theorem 
Learning with this norm is 
« statistically optimal » to infer 
sparse low-rank matrices
But 
Convex but NP-hard



Empirical results for sparse PCA

Sample covariance Trace `1 Trace + `1 Sequential ⌦k,�
4.20 ± 0.02 0.98 ± 0.01 2.07 ± 0.01 0.96 ± 0.01 0.93 ± 0.08 0.59 ± 0.03

Table 3: Relative error of covariance estimation with different methods.

• ⌦k,� penalty. The following optimization problem, which is a proximal operator computation,
is solved using the active set algorithm:

min
Z�0
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Fro
+ �⌦k,�(Z) ,

with ⌦k,� the gauge associated with Ak,� already introduced in Section 3.4. The two param-
eters of this method are � > 0 and k 2 N\{0}.

We report the relative errors
�

�

�

�̂ � �?
�

�

�

Fro
/ k�?kFro over 10 runs of our experiments in Table 3, and

a representation of the estimated matrices can be found in Figure 3. We observe that sparse PCA
methods using ⌦k,� and also the sequential method using deflation steps outperform spectral and
`1 baselines. In addition, penalizing ⌦k,� is superior to the sequential approach. This was expected
since our algorithm minimizes a loss function that is close to the test errors reported, whereas the
sequential scheme does not optimize a well-defined objective.

7 Conclusion

In this work, we proposed two new convex penalties, the (k, q)-trace norm and the (k, q)-CUT norm,
specifically tailored to the estimation of low-rank matrices with sparse factors. Our motivation
for proposing such convex formulations for sparse low-rank matrix inference was twofold. First, it
allowed us to consider algorithmic schemes that are better understood when a problem is formulated
as a convex optimization problem, even though the complexity of solving the problem exactly
remains super-polynomial. Second, using convex geometry allowed us to provide sample complexity
and statistical guarantees, and notably to show that the proposed estimators have much better
statistical dimension than more standard convex combinations of the `1 and trace norms. We
observed that the improvement exists only for matrices: for sparse vectors, using our penalty (which
boils down to the k-support norm in this case) does not improve over the standard `1 norm, in terms
of statistical dimension increase rate.
One limitation of this work is that we assume that the sparsity of the factors is known and fixed.
Lifting this constraint and investigating procedures that can adapt to the size of the blocks (like the
`1 norm adapts to the size of the support) is an interesting direction for future research. Another
interesting direction is to use the nuclear norm formulation of the (k, q)-trace norm as in Lemma
10 to optimize the regularized problem.
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Preliminary results on sparse PCA



Outline

1 Atomic norms

2 Sparse matrices with disjoint column supports

3 Low-rank matrices with sparse factors

http://www.homemade-gifts-made-easy.com/make-paper-lanterns.html

Conclusion 
Make your Atomic norm !


