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Between genotype and phenotype...

...3 levels of genes regulation...

C o
Histone modifications
Non coding RNAs
Nuclear compartments

Nuclear organization

van Driel, R. et al., 2003 Journal of Cell Science

...Controlled by epigenetic information



Epigenetic information in the prediction of traits from GWAS..

ex: interpreting non coding genetic variation IN human
in complex human traits at a single locus
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a- Genetic association with an organismal trait (G\WWAS)

b- Genetic association with a molecular trait (eQTL)

c- Genetic association allelic activity (ASE)
d-molecular biomarker for an physiological trait (EpiWAS)



waves of epigenetic reprogramming shape transcriptomic patterns
during both embryonic, foetal and post natal periods
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Measuring the contribution of epigenetics
to the variability of phenotype in the bovine species

First step: simplify the approach using

- genetically identical animals: through cloning
- DNA methylation

Second step: develop awide genome approach using key
tissues: blood, liver, muscle placenta, mammary gland

Third step: combine phenotypic and epigenetic data

Outcome: - extension to individuals from non related genotypes
- Integration into a bovine data platform
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Cloning techniques do not select for somatic cells
more amenable to full reprogramming

mouse cloning

no drop in efficiency
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Bovine cloning: a way to profile epivariants in a context of high
environmental constraints applied on the genome.
relatively efficiency at birth 40%
same nuclear genome 40 from 482 calving
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DNA methylation is highly dependant
on genomic sequence

Environment
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Tools used to characterize, identify and measure DNA
methylation variations

1. Global analysis badr
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Bovine clones are genetically identical but epigenomically variants
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Epigenetic signatures at perinatal stage in liver
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Data analysis framework
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One example (among hundred others) of DMR
methylation rate correlated to phenotypic markers of

I IVer p hyS 10 I O gy Correlation methylation-phenotypic markers
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An example of DMR methylation rate
correlated to phenotypic markers of the liver’s physiology

Correlation methylation-phenotypic markers

o Fetus Al

o Calf Al

® Fetus clone
® Calf clone

Cell area (um?2)
180 220 260

to predict early lactation-associated
hepatosteatosis in dairy cows

Ongoing validation from
» the blood of dairy cows
at early lactation.

“ In human, the associated gene
shows differential methylation in
the blood of newly diagnosed,
drug naive patients with type 2
diabetes Canivell et al. 2014,
PL0oS one)

Clone with no glycogen Clone with normal glycogen
storage (average size of storage (average size of
hepatocytes is smaller) hepatocytes is similar to Al)

T—=" SCIENCE& IMPACT



Extension to muscle epigenomic analysis: screening Al and cloned adults
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A first step towards the tracability of cloned products ?
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and from now ... _
Genomic data on an

CElIE s PEIED D phenotypical data individual basis

environmental data

(SENGINEANG
funeiions
Genomics (QTL, SNPs...

Epigenomics

Metabolomics
*What was the

Ruminomics outcome?
* more data
Phenomes . .
* higher resolution
* more data
* higher resolution
through FANG through ATOL through EOL
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Storing Data is Getting Cheaper In Agriculture, Environmental and Operating Data

Average Price Per Gigabyte, 1980-2013 Are Taking Shape
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Source: Wayback Machine (Statistics Brain)

Low Cost Computing is Proliferating

Distributed Computing Allows Multiple Computers
to Use More Data and Solve a Problem Together
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DFS Block 3 CORPORATION

ex: Hadoop platform for Big data management
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Models: Predict

the Future
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