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@ Shrinkage classifiers

e Cancer prognosis from DNA copy number variations
e Diagnosis and prognosis from gene expression data
e Penalties for smooth classifiers

e Penalties for structured feature selection

e Conclusion
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@ Shrinkage classifiers

JP Vert (ParisTech) 3. Predictive cancer informatics Erice 2010 3/46



Molecular diagnosis / prognosis / theragnosis

Ratio llog scale) F
2

* Mstastoss

* Total o

©
>
z
=

AML

Cmgh(22376)
Prteasome ota (X59417)
NB-1 (U05250)

Cyelin D3 (M92287)

Nyosin lgh chain (M31211)
RRADAS (X7.260)

E
Z
3
&
3
H

EEsmss_wal

Sl
NON 03075
Deosyhypusine syntse (U26266)
ouating

o

o
Ao desminsse (1379

P (5S50)

Tumars with Poar-Frognasis Signature

ot
£ Mozt
e

A Reporter Genes 8 Years ©

Cotalae (XOH085)

edictive cancer inft



Pattern recognition, aka supervised classification
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Pattern recognition, aka supervised classification

Challenges

@ Few samples

High dimension

@ Structured data

@ Heterogeneous data
@ Prior knowledge
°

Fast and scalable
implementations

Interpretable models
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Shrinkage estimators

@ Define a large family of "candidate classifiers", e.g., linear
predictors f3(x) = 3" x
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Shrinkage estimators

@ Define a large family of "candidate classifiers", e.g., linear
predictors f3(x) = 3" x

@ For any candidate classifier f3, quantify how "good" it is on the
training set with some empirical risk, e.g.:

R(B) = ,1—7 > I(f5(x), ¥i) -
i=1
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Shrinkage estimators

@ Define a large family of "candidate classifiers", e.g., linear
predictors f3(x) = 3" x

@ For any candidate classifier f3, quantify how "good" it is on the
training set with some empirical risk, e.g.:

R(B) = ,1—7 > I(f5(x), ¥i) -
i=1

@ Choose 3 that achieves the minimium empirical risk, subject to
some constraint:

mﬁ!nR(ﬁ) subjectto  Q(8) < C.
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Why skrinkage classifiers?

mﬁin R(8) subjectto Q(B) < C.

b*
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Why skrinkage classifiers?

@ "Increases bias and decreases variance"

@ Common choices are
o Q(B) =", B2 (ridge regression, SVM, ...)
e Q(B) =>_"4185i| (lasso, boosting, ...)
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Including prior knowledge in the penalty?

mﬁin R(8) subjectto Q(B) < C.

est
b

b*
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e Cancer prognosis from DNA copy number variations
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Chromosomic aberrations in cancer
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Comparative Genomic Hybridization (CGH)

@ Comparative genomic hybridization (CGH) data measure the DNA
copy number along the genome

@ Very useful, in particular in cancer research
@ Can we classify CGH arrays for diagnosis or prognosis purpose?
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Jain et al. Genome research 2002 12:325-332
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Aggressive vs non-aggressive melanoma
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CGH array classification

Prior knowledge

@ For a CGH profile x € RP, we focus on linear classifiers, i.e., the
sign of :

fa(x) = 8" x.
@ We expect (5 to be

@ sparse : not all positions should be discriminative
@ piecewise constant : within a selected region, all probes should
contribute equally

Amplified segments

log, rat

Unaltered segment

Deleted segment

T 457 158 159 16 181 162 163 164 165 186 167
ion N
10"
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Fused lasso for supervised classification
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e Diagnosis and prognosis from gene expression data
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DNA — RNA — protein

DNA
T
e
- &%\\a@-&‘a\% N Franseription
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@ CGH shows the (static) DNA

@ Cancer cells have also abnormal (dynamic) gene expression (=
transcription)
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Tissue profiling with DNA chips

Prepare ¢cDNA'Probe’ Prepare'Microarray/

@ Gene expression measures for more than 10k genes

@ Measured typically on less than 100 samples of two (or more)
different classes (e.g., different tumors)
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Tissue classification from microarray data
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Prognosis from microarray data (MAMMAPRINT)

Ratio (log scalel

A Gene-Expression Profiling

1.0

Good signature

Poar signature

P<0.001

Probability of Remaining
Metastasis-free

2 4 6 8 10 12
Years
Na a7 Risk

Good signature 60 57 54 45 31 22 12
Poorsignawre 91 72 55 41 26 17 9

B St Gallen Criteria

1.0
o
E 08
R Low risk
EE
::‘,;_, 0.6
58 High risk
B
£ 04
3
H
0.2
0.0
0 2 4 8 8 10 12
Years
No.aTRist
Low risk 2 22 2 17 8 5 2
High risk 128 107 88 69 48 B4 19

Erice 2010 21/ 46



Gene signature

@ We look for a limited set of genes that are sufficient for prediction.
@ Equivalently, the linear classifier will be sparse

@ Bet on sparsity: we believe the "true" model is sparse.

@ Interpretation: we will get a biological interpretation more easily by
looking at the selected genes.

@ Statistics: by restricting the class of classifiers, we increase the
bias but decrease the variance. This should be helpful in large
dimensions.
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But...

Challenging the idea of gene signature
@ We often observe little stability in the genes selected...
@ Is gene selection the most biologically relevant hypothesis?

@ What about thinking instead of "pathways" or "modules”
signatures?
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Gene networks
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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
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Graph-based penalty

min R(5) + X2a(0)

Hypothesis

We would like to design penalties Qg(5) to promote one of the
following hypothesis:

@ Hypothesis 1: genes near each other on the graph should have
similar weights (but we do not try to select only a few genes), i.e.,
the classifier should be smooth on the graph

@ Hypothesis 2: genes selected in the signature should be
connected to each other, or be in a few known functional groups,
without necessarily having similar weights.
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e Penalties for smooth classifiers
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Graph based penalty

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

An idea (Rapaport et al., 2007)
Qspectral(ﬁ) - Z(ﬁ/ - ﬁ/) )

inj
min R(3) + ;j(ﬂi — 6.
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Graph Laplacian

Definition

The Laplacian of the graph is the matrix L = D — A.

1
3 5
4
2
1. 0 -1 0 0
0 1 -1 0 0
L=D-A=| -1 -1 3 -1 0
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Spectral penalty as a kernel

Theorem

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

ﬂrghg,;lzl(ﬁTx,,y,) +A> (6

IN]

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

;2;15,,—72/( To(x)), y,)+M Y5

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

for Kg = L*, the pseudo-inverse of the graph Laplacian.

v
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Classifiers
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Classifier

e
oo L

i
“sm’

£o
o mum:imm gy

SLYcoLYsS

g T e Y

PR
Emsogi,

e

» o e

(eomeetizn O—{Z7185 0
i
o

(iR, oI o

o T

L bosmiess )

B o)

=

E——
)
B ey

aie st a)

b)

ve cancer informatics Erice 2010 32/ 46

JP Vert (ParisTecl



Other penalties with kernels

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

p
Qp)=cd B2 +> (5-8)°.
=1 i~j
@ The diffusion kernel:

Kg = expy(—2tL) .

penalizes high frequencies of 5 in the Fourier domain.
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Other penalties without kernels

@ Gene selection + Piecewise constant on the graph

QB)=>|8- 6,\+Z\B,

INj

@ Gene selection + smooth on the graph

QB) =>_ (8- 8) +Z!6,

IN_[
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@ We are happy to see pathways appear.

@ However, in some cases, connected genes should have "opposite”
weights (inhibition, pathway branching, etc...)

@ How to capture pathways without constraints on the weight
similarities?
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e Penalties for structured feature selection
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Selecting pre-defined groups of variables

Group lasso (Yuan & Lin, 2006)

If groups of covariates are likely to be selected together, the
¢4 /¢>-norm induces sparse solutions at the group level.

Qgroup Z I WQHZ

Q(wy, wo, W) = |[(wq, wa) |2+ wal|2
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Graph lasso

@ Hypothesis: selected genes should form connected components
on the graph

v
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Graph lasso

@ Hypothesis: selected genes should form connected components
on the graph

@ Two solutions (Jacob et al., 2009):
Qgroup(ﬁ) — Z \/ 6,2 + /8'2 )
inj

Qoverlap([))) = sup OfTﬁ-

aERP:VINj,HaI?Jra/?HS‘I

v
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Overlap and group unity balls

0.5 05-
= 0 = 0
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05 . .
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Balls for QF,, () (middle) and Q% .., () (right) for the groups

overlap
G = {{1,2},{2,3}} where w is represented as the vertical coordinate.
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Summary: Graph lasso vs kernel

@ Graph lasso:
Qgraph lasso(W) = Z \ Wi2 + Wj2 :
i~j
constrains the sparsity, not the values

@ Graph kernel

Qgraph kernel(W) = Z(Wi - WI)2

i~of

constrains the values (smoothness), not the sparsity
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Preliminary results

Breast cancer data

@ Gene expression data for 8, 141 genes in 295 breast cancer
tumors.

@ Canonical pathways from MSigDB containing 639 groups of
genes, 637 of which involve genes from our study.

METHOD 2 Q erinr ()
ERROR 0.38+0.04 0.36+0.03
MEAN { PATH. 130 30

@ Graph on the genes.
METHOD 44 Qgrapn(-)
ERROR 0.39+0.04 0.36£0.01
Av. SIZE C.C. 1.03 1.30
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Lasso signature
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Graph Lasso signature
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G Conclusion
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Conclusion

@ Modern machine learning methods for regression / classification
lend themselves well to the integration of prior knowledge in the
penalization / regularization function.

@ Several computationally efficient approaches (structured LASSO,
kernels...)

@ Tight collaborations with domain experts can help develop specific
learning machines for specific data

@ Natural extensions for data integration
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