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Motivations: systems biology

Gene expression
Sequence

Protein structure
Protein localization,

etc...

Regulatory network
Signaling pathways
Metabolic pathways
Interaction network, etc...



Mains approaches

1. Direct approach = connect similar proteins.

2. Model-based approach = fit an a priori defined model (Bayesian
network, dynamical system..).




Indirect approach

Classical setting of supervised pattern recognition: “given a training
set of connected and non-connected pairs, learn to predict whether
new pairs are connected or not” .

Need to extend the representation of points to the representation




Direct approach

The simplest and most natural approach.

Define a measure of similarity (e.g., correlation coefficient between
expression profiles) and connect the most similar pairs.




Performance of unsupervised direct approach

The metabolic network of the yeast involves 769 genes. Each gene is
represented by 157 expression measurements. (ROC=0.52)




What is wrong?

What similarity measure between profiles should be use?




What is wrong?

What similarity measure between profiles should be use?

Which network are we expecting to recover?




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning




Supervised direct approach

Given a set of known interacting pairs, we can learn how to measure
their similarities before connecting similar pairs

Typical problem of distance metric learning
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Part 2

Supervised direct inference by
generalized KPCA
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Explicit mapping ¢

Let z € R? be a genomic data (e.g., expression profile)
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Explicit mapping ¢

Let z € R? be a genomic data (e.g., expression profile)

Let us consider linear mappings:

®(z) = (fi(2), ..., fa(z))’ € R?
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“Good” features

A “good” feature f(x) = w'x should minimize:

R(f) = Zirvj (f(zi) — f(=5))” — Zif;éj (f(zi) — f(=5))

> iy f (@)
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Influence of )\

A — +oo : PCA

* Useful for noisy, high-dimensional data.
* Used In spectral clustering. The graph does not play any role
(unsupervised)
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Extracting successive features

Successive features to form ® can be obtained by:
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Extracting successive features

Successive features to form ® can be obtained by:

wi=  argmin S (i) = Fulay))? + Al

wl{wy,...,w;_1},var(fy)=1 o~
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Limitations

How to generalize to non-linear features?

How to process non-vectorial data (sequences, phylogenetic profiles,

)
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Overcoming the limitations

Remember:

wi=  argmin S (Fulas) = fula;)? + Al

wL{w,.wigpvar(fw)=1 | 505
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Positive definite kernels

Let X be a set (not necessarily vectors) endowed with a symmetric
measure of similarity k£ : X? — R that satisfies:

n

Z i CZ'CJ']C(ZEZ', il?j) > 0

|
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Reproducing kernel Hilbert space

A p.d. kernel defines a Hilbert space of functions f : X — R
obtained by completing the span of {k(x,-),x € X'}

The norm of a function f(z) = >

1=

| Cik (s, ) is:
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Example: linear RKHS

For X = R% and k(z,y) = x - y, we have:

flx)=> " cxi-x= fu(x)withw=>".", c;z;.
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Graph-driven feature extraction in RKHS

For a general set X endowed with a p.d. kernel k& we therefore
have the following graph-driven feature extractor:

arg min (f(z5) = f(z3)° + Al )2

fi
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Solving the problem

By the representer theorem, f; can be expanded as:

fz(ib‘) — Z Cki,jk(ibi, .CB)
Ag=1
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Solving the problem (cont.)

The problem can then be rewritten:

o KyLKya + ' Kya
al Ko

o = arg min
acR" aKyaj=...=aKya;_1=0
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Kernels

Several similarity kernels have been developed recently:

for phylogenetic profiles (JPV. 2004)

for gene sequences (Leslie et al. 2003, Saigo et al. 2004, ...)
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Learning from heterogeneous data

Suppose several data are available about the genes, e.g., expression,
localization, struture, predicted interaction etc...

Each data can be represented by a positive definite similarity matrix
Ki,..., K,




Learning from heterogeneous data (unsupervised)

ROC curves: Direct approach
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Learning from heterogeneous data (supervised)

ROC curves: Supervised approach
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Part 3

Supervised direct inference by
metric learning pairwise kernel
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Limitations of GKPCA

Requires the training set to be made of the presence / absence of
edges among a particular subset of genes

Discrepancy between the objective function and the goal of edge
inference
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Objective function

After a linear mapping ®(z) = Ax the square Euclidean distance is:

dyr(z,2") = (x — ") " M(z — 2)
=tr (M(z —2')(z—2")") ,
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Large-margin metric learning

In the spirit of SVM, this suggests the following optimization
problem:

Minimize || M ||%,,+ C Z Gi,j
(4,5)
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SVM formulation

If we relax the constraint M = O this is equivalent to a SVM:

Minimize || M ||%,,+ C Z s
(4,7)
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Inner product for pairs

The inner product between two pairs for this SVM is:

Kp ((3317 */E2) 3 (3337 334))

— <D$173327 D$3>$4>FTO
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Metric learning pairwise kernel

If we start from a kernel K, between single genes, this formulation is
therefore a SVM to discriminate between connected and
non-connected pairs with the following pairwise kernel:

Kyrpk ((z1,22) , (T3, 74))
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Experimental results

Prediction of the co-complex protein network for the yeast from
various protein data (AUC performance in cross-validation)

Data Kp Kyrpk
Co-regulation (Chip-chip) | 0.68 | 0.90
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Conclusion
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