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Biology needs integration

Molecular Biology dogma

literal description (DNA)
design (transcription, pRNA)

blueprint (MRNA)
construction (translation)

R nished product: "the" cell
(Over)5|mpI| cation: life = information transmissiorfrom 1

generation to the other to get these "survival machine" or living
organisms.
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construction (translation)

nished product: "the" cell

(Over)5|mpI| cation: life = information transmissiorfrom 1
generation to the other to get these "survival machine" or living
organisms. But "Can a biologist x a radio ?" (Yuri Lazebnik

2002)! interactions between components (and environem
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Example of an integrated omics data modelling

Data: gene (individual) expr. data interaction (pairwise)
data between entities.
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Example of an integrated omics data modelling

Data: gene (individual) expr. data interaction (pairwise)
data between entities.

Goal clustering of genes into meaningful groups.
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Example of an integrated omics data modelling

Data: gene (individual) expr. data interaction (pairwise)
data between entities.

Goal: clustering of genes into meaningful groups.

Data features: dependencies between objects, noise,
high-dimensionality and some observations can be missing.

Chosen modelling: Hidden Markov Random Field. New
instantiation of an mean- eld like EM algorithm to estimate
parameters and achieve clustering.
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Example of an integrated omics data modelling

Data: gene (individual) expr. data interaction (pairwise)
data between entities.

Goal: clustering of genes into meaningful groups.

Data features: dependencies between objects, noise,
high-dimensionality and some observations can be missing.

Chosen modelling: Hidden Markov Random Field. New
instantiation of an mean- eld like EM algorithm to estimate
parameters and achieve clustering.

SpaCEM software (ttp://spacem3.gforge.inria.fr );
validated in image-like simulated datasets.
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Figure: 1D synthetic data: data histogram (1st row) and classi cation
error ratee (2nd row)
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Comparing performances of several algorithms, NMA

groups, obs. are left- and right-censored (NMAR).
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Work ow of a computational biology data analysis witl
our method

biological
database

()

(HAMRF ) %
. modelling .

SS+NNY

biological

analysis of
results

(from Blanchet & Vignes, J. Comput. Biol. 2009)
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Real data clustering stability
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Biological features of clusters

Modularity

Interpretability of
cluster pro les

SFmiss cluster 1: G1 SFm\is cluster 4: § phase SFmiss cluster 8: M phase
phase and DNA replication and chrom. segreg. and and polarization and ATP act
biosynth (ex: S met.proc.)

Unid
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Biological features of clusters
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Biological features of clusters

Modularity

Interpretability of
cluster pro les

GO term
representativity

Link to metabolic
pathways
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The geneticist's point of view

Phenotype observed characteristitanatomical, morphological,
molecular, physiological, ethologicad)yr trait in a living organism.
Many of which are inherited from parents (Mendel's peas...).
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The geneticist's point of view

Phenotype: observed characterist@anatomical, morphological,
molecular, physiological, ethologicad)yr trait in a living organism.
Many of which are inherited from parents (Mendel's peas...).

.vf f:

Traits carried out by DNA, more precisely by genes (=
information units). Exist in di erent forms or alleles
(mutations); inheritance is complicated byecombinationof
chromosomes.

Polymorphisms geveral shapgscontrol gene expression or the
a nity between a protein and its target. Can be (i) complex.,..
and (ii) quantitative (6 discrete)! plenty of causal
relationshipsto decipher.
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Gene Regulatory Networks, Genetical Genomics

Highlighted links, associatiomausaldependencies between

gene (products). Formalism of Gene Regulatory Networks
(GRN) we ultimately aim at inferring.
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Abundance ofgenomics datg= measurements of cell

component activity). Can be directly used to infer GRN
(Wehrli et al. 2006, Bansal et al. 2007).
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Genetical Genomicglansen and Nap, 2001): combine genetic
information (perturbation of the network) and genomic
measures.
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Gene Regulatory Networks, Genetical Genomics

Abundance of genomics data (= measurements of cell
component activity). Can be directly used to infer GRN
(Wehrli et al. 2006, Bansal et al. 2007).

Genetical Genomics (Jansen and Nap, 2001): combine genetic
information (perturbation of the network) and genomic
measures.

Grail: understand genetic mechanisms (i) allowing observed
diversity and (ii) able to accomplish many diverse functions.

More pragmatically: exploiting genetic context and observed
(e-)traits to reconstruct GRN or less ambitiouslydentify e
genes with strong regulatory roles
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Biological ingredients
3 mechanisms to link genotype to the observed e-traits

° ;2,!; 1\

cis regulation

cis-trans regulation

Physical map

Linkage map
Applications medical and agricultural genetics, genetic engi

Unitt
dwmm:erq‘;ﬂﬂ’mﬁ:m\k
as well as in basic evolutionary biology.
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Learning networks in genetical genomlcs

| Pairwise algo.(Ghazalpour et al.,
PLOS Gen., 2006) co-expression network
+ module cis-eQTL

I Equation-based algo(Liu et al.,
Genetics, 2008): greedy SEM with expr.
levels and genotypes as covar., pre- Itered
by eQTL info.

. Nathalie Keussayan's MSc. (with B.
Mangin). New MSc. to start 2010.
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Learning networks in genetical genomlcs

| Pairwise algo.(Ghazalpour et al.,
PLOS Gen., 2006) co-expression network
+ module cis-eQTL

| Equation-based algo(Liu et al.,
Genetics, 2008): greedy SEM with expr.
levels and genotypes as covar., pre- ltered
by eQTL info.

. Nathalie Keussayan's MSc. (with B.

Mangin). New MSc. to start 2010.
I Network-based algo(zhu et al.,

PLoS Comput. Biol., 2007): MCMC algo.
on BN structures with BIC and eQTL info.
as a prior.

. Jimmy Vandel MSc. (with Simon de
Givry). Staying with us for a PhBD.
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1. Estimating weights-as a measure of uncertainty- on putative
edges and xing those on edges de ned by expert knowledge.
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Alternative: partial learning of a MRF (extended to pairwise
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introducing an additional blanket that could encode genetic
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Inferring a MRF with genetical genomics data

1. Estimating weights -as a measure of uncertainty- on putative
edges and xing those on edges de ned by expert knowledge.

...could lead to the inference dfi(N  1)=2 parameters.
Alternative: partial learning of a MRF (extended to pairwise
MF).
2. Triplet Markov elds (Blanchet & Forbes, IEEE PAMI 2008
allowing objects to be assigned to overlapping subclasses seem
an interesting lead to model genetic background of a gene by
introducing an additional blanket that could encode genetic
dependencies in the population.

...application at present limited to supervised classi cation.
Optimality to include genetics?
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A recipe for genetical genomics arti cial dataset genera
(Collaboration with Alberto de la Fuente, CRS4, Pula, Italy)

Choose a networhvith features
as close as possible to know
features of realistic biological
networks! http://imww.
comp-sys-hio.org/AGN/ .
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A recipe for genetical genomics arti cial dataset genera
(Collaboration with Alberto de la Fuente, CRS4, Pula, Italy)

Choose a network with features
as close as possible to know
features of realistic biological
networks! http://mww.
comp-sys-hio.org/AGN/ .

Simulate genotype from a RIL population: pop size,
chromosome size, number and distribution of markers
(incl.error and missingness) CarthaGene.

Compute gene expressiaata from gene activity ODE
COmplex PAthway Simulator (COPASI,

http://www.copasy.org/ ) for steady-state expression levels, ,
Note: expr. levels need to be discretized with BN: k-means;
log-scale, mixture, box-plot...?
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Bayesian Networks (BN)

De nition of BN )
Directed Acyclic Graph (DAG) &P(V) = ~ I, P(Vij Vpa,), With

Vi := M;j G. Clever init.: encompassing network with putative eQTL
I MCQTL http://carlit.toulouse.inra.frMCQTL/

M 0/1
Gi:1/273..
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Bayesian Networks (BN)
De nition of BN o)
Directed Acyclic Graph (DAG) &P(V) = ~ I, P(Vij Vpa,), With
Vi := M;j G. Clever init.: encompassing network with putative eQTL
I MCQTL http://carlit.toulouse.inra.frMCQTL/

M 0/1
Gi: 1/273..

Tested Algorithms (Matlab's BayesNet, K.Murphy and P.
Leray)

1. Scoring algorithms:BIC (+ penalty for genetic linkage) with
structure exploration strategies: Maximum Weight Spanning,
(MWST), K2 (node ordering),Greedy SearcliGS).

7 Indenandance alaarithme: 2 Ar | ikelihanAd Datin Tecet (1 RTY with
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jm direct e ect of markerj on expression of gern®.
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where:
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. Gene-by-gene regression

Yo=Y k*+ X  k+

k's and 's need to be estimated as regression coe cients.
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.Y =YB+ X: +

where:

Y matrix of transcript levelsif  p)

X matrix of genotypesti Q)

Bkm direct e ect of level of genek on level of genen (B = 0).
jm direct e ect of markerj on expression of gern®.

. Gene-by-gene regression

Yo=Y k*+ Xkt

k's and 's need to be estimated as regression coe cients.
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Lasso estimation of parameters in the SEM

Idea 1Least Squareunbiased but variance on estimator
becomes a problem since typicatty p.
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Lasso estimation of parameters in the SEM

Idea 1Least Squareunbiased but variance on estimator
becomes a problem since typicatty p.

Idea 2Biased estimationsv2. ridge (not parcimonious) v2.
best subse{ xed number of variables can have co&f0), v2. nal
(Tibshirani 1996, selects and reduces variables)

Ce=argmin jYk  [YuX] ki, *+ ) ki
(% 5 k="[Bk &)
We used the Least Angle Regression (LAR) algo. (lars in R) to

computeX:’\, with cross-validation, BIC and criteria
to determine the best .
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BN vs. SEM: advantages and drawbacks

BN

SEM

Computational time
Continuous data
Modelling cycles
Param./likelihood estim.

Non-linear dependencie

172)

Conclusion
oo
oo
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Results: (i) BN vs. SEM and (ii) with or without genotyp

Network recovery performances (mean on 9 arti cial datasets)
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Wrap up

Graphical model steals the show in Systems Biology: examples
of
HMRF for the analysis of a gene expression dataset in a
network context and of

BN or SEM as tools to infer GRN in the genetical genomics
context.
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Future Work

HMRF:
Collaboration at INRA: P. Gammas (Nodule formation in M.
Truncatula), F. Jourdan (metabolomics), M. Sancristobal & N.
Villa (detecting modules).
Include other distributions (multinomial ?¥.g. for ecology.
Weight on edgdes, model. missing/spurious edges, graph
structure e ect, overlapping clustering.
Triplet models unsupervised clustering.

Genetical genomics:
Validate/assess algorithms for network structure recovery in
genetical genomics...Before improving them ?
Try these methods on a "real” gold standard dataset (mice,
yeast, A. thaliana ok...What if sun ower or strawberries).
extension of the lasso: elastic net (Zou and Hastie 2005),
Bayesian lasso (Yi and Xu 2008), group bridge (Huang et al.
2009) ...or further: Dantzig selector (James and Radchenko
2009).

InlAalhaAal' mnarnali=~d LbAalLllhamnA AAarmarmt ibatiarn A~~~ intirne fFAar A
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and to you
for your attention.

Questions, critics, remarks. .. welcome ?!
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