ADAPTATION ET DIVERSITE EN MILIEU MARIN - AD2M
CNRS « SORBONNE UNIVERSITE

Station Biologique
de Roscoff

Fabrice Not — not@sb-roscoff.fr




ADAPTATION ET DIVERSITE EN MILIEU MARIN @

Across broad scale range
- Spatio-temporal coverage
- Molecules, cells, .... up to Ecosystems

Marine ecosystems are extremely complex
- Sizes (macro-micro)
- Diversity
- Interactions
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DNA FOR MOLECULAR ECOLOGY AND EVOLUTION 2
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ENVIRONMENTAL GENOMICS

* 68 stations 7.2 Tbp DNA data
* 3 depths in the context of
* 243 samples the environment

Integration of Tara Oceans and public data

Ocean microbiome Gut microbiome

68 siles 1070 indwvwduals

243 samples 1.267 samples

111.5 M predicied genes 159.9 M predicied genes
|+ 26 M external genes |+ 1.9 M external genes
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Computational eco-system biology in Tara Oceans: translating
data into knowledge. Sunagawa, et al, MSB, 2015



A BIG DATA ISSUE !!

Cost per Raw Megabase of DNA Sequence

National Human Genome
Research ksttute

20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Wetterstrand KA. DNA Sequencing Costs: Data from the NHGRI Genome Sequencing Program (GSP) Available at: www.genome.gov/sequencingcostsdata.

Moore's Law, which describes a long-term trend in the computer hardware
industry that involves the doubling of ‘compute power' every two years

https://cloud.google.com/genomics/

O Google Cloud pesay
Produits danalyse de donnédes
GOOGLE GENOMIC

T PROSITER DUN ES5AI GRATUNY

Donnez de I'ampleur a vos travaux de recherche

PLOS Biology | DOI:10.1371/journal pbio.1002195  July 7, 2015

Big Data: Astronomical or Genomical?

Zachary D. Stephens’, Skylar Y. Lee’, Faraz Faghri, Roy H. Campbell?, Chengxiang Zhai®,

Miles J. Efron®, Ravishankar lyer', Michael C. Schatz®*
E. Robinson®*

, Saurabh Sinha®*, Gene

Tabile 1. Four domains of Big Data in 2025, In each of he four domains, he projecied annual stormge and computing needs are prosenied aciss the data

lmt
Data Phase  Astronomy Twhier YouTube Genomics
Acquisiion 25 retia-byles/yvour 0.5-15 tilon S00-200 millon hoursyear 1 2etsa-bason/year
twoets/your
Stwomge 1 EBYyoar 117 PEYyoar 12 EBVyoar 2-40 EB\yoar
Analysis 0 sty data recucion Topic and Umited requirements Heterogeneous data and analysis
sentiment mining
Real-sme processing Metadats analyss Viarlard calling, -2 rilion certral
processing unk (CPU) hours
MVasshe wiumres Allpairs genome akgnments, - 40 000
rikon CPU howrs
Distribution Dedcated ines from antornae  Small units of Major component of modern wser’'s  Many small (10 MB's) and fewer massive
" server (600 TBis) distribution bandwidh (10 MB/s) (10 TBVs) darta movement
doc 10137 Vjoumal phio. 1002 196 1001 (4) Analysas
Our ultimate goal is to be able to interpret genomic sequences and answer how DNA
Q D mutations, expression changes, or other molecular measurements relate 10 disease, devel-

opment, bebavior, or evolution. Accomplishing this goal will clearly require integration
of biological domain expertise, large-scale machine learning systems, and a computing
infrastructure that can support flexible and dynamic queries 1o search for patterns over
very large collections in very high dimensions. A number of “data science technologies,”
including R, Mahout, and other machine learning systemns powered by Hadoop and
other highly scalable systems, are a start, but the current offerings are stdll difficult and
expensive to use. The commun ity would also benefie from libraries of highly optimized
algoeithns within a simple interface that can be combined and reused in many contexts
as the problems emerge. Data science companies as well as open -source initiatives are
already starting 10 develop such components, such as Amazoa's recent " Amazon
Machine Learning” prediction system. But because genomics poses unique challenges in
terms of data acquisition, distribution, storage, and especially asalysis, waiting for inno-
vations from outside our ficld is unlikely 1o be sufficient. We must face these challenges
ourselves, starting with integrating data science into graduate, undergraduate, and high-
school curricula to train the next generations of quantitative biologists, baoinformati-
clans, and computer scientists and engineers [49],



BIOTIC INTERCATIONS L

Symbiosis: In 1879, H. Anton de Bary, [
defined symbiosis as "the living together of = EAIEEE
unlike organisms*. It is the close and long-

term interactions between different

biological taxa.
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SYMBIOSIS IN ECOLOGY g2

Symiosin land

Larson 1987, Haas, J. R. & Purvis, 0. W. 2006




INTERCATIONS NETWORKS

Reconstruction of the species interaction network of the whole The global ocean interactome
human microbiome in 265 individuals and 18 bodysites an integrated “network of networks”
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COMPARATIVE GENOMICS = FUNCTION IDENTIFICATION

Analysis of the genomic basis of functional diversity in Sequence Similarity Network
dinoflagellates using a transcriptome-based sequence

Connected component = CC
similarity network

D
Arnaud Meng*(> | Erwan Corre? | lan Probert® | Andres Gutierrez-Rodriguez” |
Raffaele Siano® | Anita Annamale®’® | Adriana Alberti®”® | Corinne Da Silva®”# | ;

Patrick Wincker®”® | Stéphane Le Crom® | Fabrice Not®' | Lucie Bittner!'
https://www.biorxiv.org/content/early/2017/10/30/211243
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TRAIT BASED ECOLOGY WITH “OMICS” DATA

+»* Characterization of Genomic Functional Trait (i.e. GFT)

Trait based biogeographic
v/ Dedicated experiments (e.g. stress) analysesin resp'onsé to.
environmental gradients

v Large scale comparative genomics
(using uncultured protists and unassigned genes....)

Trait specific gene sets
(known & unknown)
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Sunagawa et al. 2015 Current Biol.



NEXT CHALLENGE: GENOMIC OBSERVATORY

2025: A Big Data Projection

ki :

» ol :
- - Genomics
» C AR L3 ® " Data Generated: 1 zettabases per .vc‘lrv
Storage Needed:2 — 40 exabytes per year
eoe .
i Astronomy
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Artificial Intelligence and Integrated Genotype-Phenotype
Identification

Lewis J. Frey 2 2

T Department of Pubic Heath Sciences, Bomedical Informatcs Centee, Medical University of South Carclina
Charfesion, SC 20425, USA

7 Meoaith Equity and Rurad Outreach Innovation Center (MEROIC ), Ralph M. Johnson Veteran Aftars Medcal

= Center, Chardestion, SC 20401, USA
{)NANOPORE

Recerved. 9 December 2018/ Revised. 20 December 2018 / Accepied: 21 December 2018/ Publiahed. 28
Ovcember 2018

L -

e

\/ (This article befongs 10 the Specal Issue Sysiems Analytios and Integrasion of Big Omes Data)



OBJECTIVES AND CHALLENGES "

Predict ecosystems’ functions evolution under changing conditions
(fundamental knowledge, law of Nature, Conservation, Ecosystem health, society etc...)

tTime series sS'ight

disturbances A community perspective on the concept of

marine holobionts: state-of-the-art, challenges,

 Describing & understanding and future directions
patte rns, d r|Ve rs The Holomarine working group’: Simon M. Dittami', Enrique Arboleda, Jean-Christophe
N N t | I f . t Auguet, Arite Bigalke, Enora Bniand, Paco Cardenas, Ulisse Cardini, Johan Decelle, Aschwin
atural enveloppe ot variations Engelen, Damien Eveillard, Claire M.M. Gachon, Sarah Griffiths, Tilmann Harder, Ehsan Kayal,
. Elena Kazamia, Francois H. Lallier, Ménica Medina, Ezequiel M. Marzinelli, Teresa Morganti,
(VS d Istu rbEd eCOSyStem) Laura Nafez Pons, Soizic Pardo, José Pintado Valverde, Mahasweta Saha, Marc-André Selosse,

Derek Skillings, Willem Stock, Shinichi Sunagawa, Eve Toulza, Alexey Vorobev, Catherine

Leblanc’, and Fabrice Not! .
He TR Russian dolls models

Undesirable
disturbances

- Functional trait in ecology based on omics (ref database for ID or IA) \ ....... 'f‘. e <
- Integrate various kinds of data and scales (DNA, metabo, physio, physics, » e / y W2 g L
chemistry, ...) § ; / ® TS ..
- Deal with and make sense of the unknown !! Q T O EE Te.i
2 | & PAE
: : - A / /
- Holobionts. Fundamental paradigm change in bio and eco B / T ©

- Detailed microbial-macrobial ecological models. Would include “individual
based models” where each individual organism is explicitly modelled,
including internal functions and external interactions. Spatial Scale




