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Outline

Molecular interactions networks



What kind of networks? (1/3)

Protein interactions networks (PIN)

At

Figure: Yeast Protein Interaction Network. source:

http://www.bordalierinstitute.com /images/yeastProteinInteractionNetwork.jpg



What kind of networks? (1/3)

Protein interactions networks (PIN)

» Describe possible physical interactions between proteins
(formation of protein complex, phosphorylation cascade).

» Public databases store interactions known from the literature.

» Many interactions are based on yeast two-hybrid experiments,
inducing many false positive.



What kind of networks? (2/3)

Metabolic networks
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Figure: Glycolysis pathway.



What kind of networks? (2/3)

Metabolic networks
» Describe chemical reactions between metabolites (small
molecules) transforming a substrate to a product.

» Most reactions need to be catalyzed by enzymes and are
considered to be reversible.

» The metabolic networks are mostly inferred using comparative
genomics techniques, inducing many false negatives.

» Modeled using oriented hypergraphs.
A B

Figure: Oriented hypergraph modeling a metabolic network. source: V. Lacroix.



What kind of networks? (3/3)

Gene regulatory networks

Figure: PDR network in 5 cerevisiae. Source: Lab. Génomique de la levure, ENS.



What kind of networks? (3/3)

Gene regulatory networks

» Describe regulations (inhibitions or activations) of gene
expressions, by other genes.

» Oriented graph, with positive or negative label.
» Either static or dynamic (in time).

» Mostly statistically inferred from transcription data sets.

-

Figure: Example of a regulatory motif. source: s. Labre.



Challenges

Main issues
» Analyzing large data sets (thousands of nodes and edges),
with many noise.
» Identifying structures (motifs, groups, etc).

» Observed networks are sampled from existing ones.



Outline

Inference of gene regulatory networks from transcription datasets



Inference of gene regulatory networks from transcription
datasets

Infer the interactions between genes from microarray data.

Microarray gene expression data,
P genes, n experiments Which one interact/ are co-expressed?



Inference of gene regulatory networks from transcription
datasets

Infer the interactions between genes from microarray data.
Microarray gene expression data, Mj/\ Ve

D genes, n experiments Which one interact/ are co-expressed?

Major Issues

» combinatory issue: 2 possible graphs,

» high-dimensional statistical problem: n < p.



Methods for graphs inference

General assumptions

» Inference relies on the partial correlation structure of the data.
Ex: If conditional on X3, we have X; 1 X5, then no spurious
edge between X7 and Xy

Xy Xo

N4

X3



Methods for graphs inference

General assumptions

» Inference relies on the partial correlation structure of the data.

» Graphical models (Bayesian networks, Gaussian graphical
models, etc).



Methods for graphs inference

General assumptions

» Inference relies on the partial correlation structure of the data.

» Graphical models (Bayesian networks, Gaussian graphical
models, etc).

Main approaches (either static or dynamic)

» Shrinkage approach [Schifer & Strimmer 05].
» Partial order correlations

Ex: at order 1: For any i, j search if there is a k such that
conditional on X}, we have X; 1 Xj.



Methods for graphs inference

General assumptions

» Inference relies on the partial correlation structure of the data.
» Graphical models (Bayesian networks, Gaussian graphical
models, etc).

Main approaches (either static or dynamic)

» Shrinkage approach [Schifer & Strimmer 05].

» Partial order correlations
[Wille & BiihImann 06, Castelo & Roverato 06, Lébre 09].

» Penalized methods (lasso) in GGMs.  If X ~ N(0,X) and
K =371 then K encodes the partial correlations and we
Igok for
K = Argmin {log lik(K) + p Y, | Ky}
giving a sparse solution.



Methods for graphs inference

General assumptions

» Inference relies on the partial correlation structure of the data.

» Graphical models (Bayesian networks, Gaussian graphical
models, etc).

Main approaches (either static or dynamic)

» Shrinkage approach [Schifer & Strimmer 05].

» Partial order correlations
[Wille & BiihImann 06, Castelo & Roverato 06, Lébre 09].

» Penalized methods (lasso) in GGMs.
[Meinshausen & Biihlmann 06, Banerjee et al. 08, Ambroise et al. 09,
Charbonnier et al. 10]

» Model selection in GGMs [Giraud 08].



Graphs inference

Goodness of fit tests

» Validation of the putative edges is an important challenge
[Verzelen & Villers 09, Verzelen & Villers 10].

Some other challenges

» Integrated approaches to incorporate heterogeneous data.

» Removing the iid assumption on the microarrays
[Chiquet et al. 09].



Outline

Modeling networks (with mixtures)



Some models

Some famous models
» Erdos Rényi random graph
» Degree distribution (power law, fixed degree sequence, etc)
» Preferential attachment
> ...
Here, we are going to focus on 'mixture’ models.

» Stochastic block model or MixNet [Frank & Harary 82,
Holland et al. 83, Snijders & Nowicki 97, Daudin et al. 08].

» Community structures [Newman & Leicht 07].



MixNet ( blnary graphs)
\w_/o\p:/

Binary case

> () groups (=colors «ee).



MixNet ( blnary graphs)

Binary case

n=10,75 = 1

> () groups (=colors «ee).

> {Zi}lgign i.i.d. vectors Z; = (Zily RN ZZQ) ~ M(l,ﬂ'),
where 7w = (71, ..., 7mQ) group proportions. Z; is not
observed,



MixNet ( blnary graphs)

Binary case

n=10, 75 = 1
X12=1,X15=0

> (Q groups (=colors «ee).

> {Zi}lgign i.i.d. vectors Z; = (Zily RN ZZQ) ~ M(l,ﬂ'),
where 7w = (71, ...,7mQ) group proportions. Z; is not
observed,

» Observations: edges indicator X;; , 1 <1i < j <mn,



MixNet (binary graphs)

P S X

Binary case

n =10, Zse = 1
X12=1,X15=0

> () groups (=colors «ee).

> {Ziti<i<n i.i.d. vectors Z; = (Zi, ..., Zig) ~ M(1,7),
where 7w = (71, ...,7mQ) group proportions. Z; is not
observed,

» Observations: edges indicator X;; , 1 <i < j <n,

» Conditional on the {Z;}'s, the random variables X;; are
independent B(pz,z, ).



MixNet ( welghted graphs

? n =10, Z5 = 1
X12 ER,X15 =0

Weighted case
» Observations: weights X;; , where X;; =0 or X;; € R*\ {0},

» Conditional on the {Z;}'s, the random variables X;; are
independent with distribution

pz,2;(-) = 02,2, f(-,02,2;) + (1 — pz,2,)d0(-)

(Assumption: f has continuous cdf at zero).



MixNet properties

Model characteristics

» The random variables X;; are not independent.

» The distribution of {Z;}1<i<, conditional on {X;;}i<icj<n is
not a product distribution. (1)



MixNet properties

Model characteristics

» The random variables X;; are not independent.

» The distribution of {Z;}1<i<, conditional on {X;;}i<icj<n is
not a product distribution. (1)

Some results
» Identifiability results for the parameters
[Allman et al. 09, Allman et al. 10].

» Parameter estimation procedures:
exact EM approach is not possible because of (1).



MixNet properties

Model characteristics

» The random variables X;; are not independent.

> The distribution of {Z;}1<i<, conditional on {X;;}i<i<j<n is
not a product distribution. (1)

Some results

» Identifiability results for the parameters
[Allman et al. 09, Allman et al. 10].

» Parameter estimation procedures:
variational EM [Daudin et al. 08, Picard et al. 09], variational
Bayes [Latouche et al. 09a], online variational EM
[Zanghi et al. 08], other methods [Ambroise & Matias 10] . ..



MixNet properties

Model characteristics

» The random variables X;; are not independent.
» The distribution of {Z;}1<i<, conditional on {X;;}i<icj<n is
not a product distribution. (1)
Some results
» Identifiability results for the parameters
[Allman et al. 09, Allman et al. 10].

» Parameter estimation procedures:
variational EM [Daudin et al. 08, Picard et al. 09], variational
Bayes [Latouche et al. 09a], online variational EM
[Zanghi et al. 08], other methods [Ambroise & Matias 10] . ..

Remaining challenges

» Consistency of the MLE. Go to A. Celisse’s talk in session
'Graphes - Modeles graphiques’, 16:45-18:25 this afternoon !



Overlapping mixture models

Figure: Overlapping mixture model. source: Palla et al, Nature, 2005.

Nodes may belong to many classes
[Latouche et al. 09b, Palla et al. 05]. Go to P. Latouche’s talk in
session 'Graphes - Modeles graphiques’, 16:45-18:25 this afternoon!

or «F = =, = 9ace
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Analyzing networks: Motifs discovery



Motifs

What is a motif?
There are many different definitions:
» Topological motifs
Ex: feed-forward loop

A28 =6



Motifs

What is a motif?
There are many different definitions:

» Topological motifs
» Colored motifs: The nodes are labeled with colors and a motif
is a multiset of colors.

Ex: motif {blue, blue, red, } and two occurrences of this
motif



Motifs

What is a motif?
There are many different definitions:

» Topological motifs

» Colored motifs: The nodes are labeled with colors and a motif
is a multiset of colors.

Exceptional motifs

» Requires efficient algorithms that first enumerate and count
the number of occurrences of a pre-specified motif.

» Definition of a null model accounting for some of the network
characteristics.

» Evaluate the deviation from the null model.

[Matias et al. 06, Picard et al. 08, Schbath et al. 09, Birmelé 09].
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Analyzing networks: (probabilistic) clustering



Clustering the nodes of a network

Probabilistic approach

» Using either MixNet or overlapping mixture models, one may
recover nodes groups.

» These groups reflect a common 'connectivity behaviour’.



Clustering the nodes of a network

Probabilistic approach

» Using either MixNet or overlapping mixture models, one may
recover nodes groups.

» These groups reflect a common 'connectivity behaviour’.

Non probabilistic approach = community detection

» Many clustering methods try to group the nodes that belong
to the same clique.

» Here the nodes in the same groups tend to be connected with
each other.



Major difference between probabilistic/non probabilistic

approach
may lead to either

R

MixNet model Clustering based on cliques

Observation of




Outline

Modeling the evolution



Challenges on evolution

» It is not clear what are the major forces underlying evolution
of biological networks (PINs, metabolic networks or gene
regulation networks).

» Comparative genomics is at the core of Bio-informatics. Can
we base comparisons on biological networks?

» Proposing probabilistic models of evolution may help

» Validate the main characteristics of those processes,
» Enable the comparison of networks across species.

Ex: Duplication-divergence models for the evolution of PINs
[Evlampiev & lIsambert 07, Evlampiev & Isambert 08].



Merci de votre attention !
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