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Systems Biology

Historical perspective driven by data and concepts
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Adapted from Westefhoff & Palsson, Nat. Biotechnology 2004



Systems Biology in practice

(from discrete data to almost quantitative ones)
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Transcriptional Regulation

Regulatory Network

1.Composition of biological
systems

2.Analysis of the biological
system structure

3.Simulating the dynamics of
the biological system

4.Control of the biological
system



«Systems Ecology»
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Metagen_omic,_ Deterministic modeling
Metranscriptomic Relationship between

abundance & diversity
Extraction of emerging properties from complex
ecological systems
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nomic case study: crushing numbers
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Tara Oceans (2009-2013)
* 140,000 km sailed
* >35,000 plankton samples collected

A ) aala aVa N ,,Aa e -

* >60 terabases of DNA and RNA sequenced ‘

* 120 crew members and scientists on-board
* 52 stopovers in 37 countries
* 35,000 schoolchildren on board at stopovers

Sunagawa et al., 2020,
Nature Microbiology
Review




Serial filtration
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Graph: a discrete abstraction for omics

Building Co-occurrence networks

DNA or RNA Relative
sequencing data ; 1. Abundance Matrix 2. Pairwise similarity matrix
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adapted from Faust & Jeroen, 2012, Nature Microbiology Reviews



Co-occurrence graph of TARA oceans
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Global Ocean Graph shows a bio

A
50
Temperature
30
3 20
§ . 10
0
-SO-
-100 0 100 200
Longitude
NRORG
’ Q & ¢Q @Qo&z%iow 1
> & € R O SL
Qc‘g R & Na (°°> Q}Q A ..&\@’b@q‘o R ®c W° 0.8
208 w2 D 3 .97 e 8 U N N X 0.6
ARONEIRS O * ) Q DN EF oo .
OIS IE S N ) N 6\’&@?3&‘\-&0 L L L ELL L 04
SRR AN o~ ,§\° DO P AN & <><> & @@QQ & SR ,bo\@o‘&o&o&o B
T YL P POTCFINTG S Q NI N CEQFIFTSFG 0.2
Mean degree @ © ® © O - 0
Mean strength - -0.2
Mean weight @ @ 09000 0 O ) @ - -0.4
Edge density @ 000 D @ O ) -0.6
Transitivity 9000 O O oe -_(]).8
C
504 R 040 + -t 005 - —
g 10 z 1 2 5 s i
& 5 & 03 1 = ‘
. ! © : © H
% 35 - | ‘ : B : @ — =
[} ; 5 % .
i o — S e
— — == g =5
o 03z —— 001 —

Polar Westerlies Trades

Coastal

Polar Westerlies Trades Coastal

Polar Westerlies Trades Coastal

geography

2.5

2
> Temperature
> Salinity
g 15 — PO4
c — NO2NO3
S —— pH
©
S 1 :
= random median
= Degree

removed nodes
0
= — = N N WWwbhbU O NOO—=—
(9 u wn un U

” Temperature tolerance range (°C)
;:
2 15k
D 10k
3
= 5k
v

[Chaffron et al. 2020, Bioarxiv]



Integrating the graph topology with
quantitative measurements?
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Identification of subgraphs associated with these feature



Building a community

aSSOCiated tO Carbon export Pseudoalteromonas

Dinophyceae
(Gonyaulax sp. clade 4)

51 genes are associated to C.
export (using omics as predictors)

 (Graph as a good abstraction but:

v Not just a discrete formal object

Vv It is not a network or a model

Metazoa (Oithona sp.)

@ Eukaryotes
@ Prokaryotes
o Viruses

_— Co-presence

_— Mutual exclusion

Cobetia

Synechoccoccus
Idiomarina

Dinophyceae
(Noctiluca scintillans)

Collodaria

Vibrio

[Guidi et al., Nature 2016]



Graph VS. Network

* Graph: discrete abstraction that

considers (colored) vertices
connected by (un)directed
(weighted) edges

* Network: abstraction of an

automaton that considers states
connected by flows

* Model: automaton that considers

variables that evolve under
(un)deterministic constraints

A short semantic point




Dedicated biogeochemical modelings

a mechanistic network description

PISCES

Qcaon Biogacchemical Vodel
Asmant ond Bopg, 2000

Joard o Bo

Valino & Huber, Frontiers Env. Science 2018
Aumont & Bopp, 2006



Adding biological complexity /i
for global modeling

https://darwinproject.mit.edu/

DIC

DIC
DIP

DIP

DIN DIP DIN

Follows MJ, Dutkiewicz S (2011). Modeling diverse communities of marine microbes. Ann Rev Mar Sci 3: 427-451.
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Hypothesis: Metabolic network of the Super-
Organism to access the marine biogeochemistry

v

Single-Species Model Multi-Species Model Supra-Organism Model

BRIEFINGS IN BIOINFORMATICS. VOL 13. NO 6. 769-780
Advance Access published on 15 May 2012

Computational systems biology
and in silico modeling of the ECOLOGY LETTERS

J
° ° L A J
hu man mlcr0b|0me Ecology Letters, (2019) 22: 1243-1252 doi: 10.1111/ele.13289

Elhanan Borenstein LETTER Superorganisms or loose collections of species? A unifying
theory of community patterns along environmental gradients

Abstract
Kevin Liautaud,'* The question whether communities should be viewed as superorganisms or loose collections of
Egbert H. van Nes,? individual species has been the subject of a long-standing debate in ecology. Each view implies dif-
Matthieu Barbier, ferent spatiotemporal community patterns. Along spatial environmental gradients, the organismic
Marten Scheffer, and view predicts that species turnover is discontinuous, with sharp boundaries between communities,
Michel Loreau,’ while the individualistic view predicts gradual changes in species composition. Using a spatially

explicit multispecies competition model, we show that organismic and individualistic forms of
community organisation are two limiting cases along a continuum of outcomes. A high variance
of competition strength leads to the emergence of organism-like communities due to the presence
of alternative stable states, while weak and uniform interactions induce gradual changes in species
composition. Dispersal can play a confounding role in these patterns. Our work highlights the
critical importance of considering species interactions to understand and predict the responses of
species and communities to environmental changes.

Superorganism Model assumption to assess

marine biogeochemical cycles



Building Tara metabolic networks
Integrating Reactions, Enzymes and genes
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Building Metabolic networks

Starting from the Universal knowledge e At R 2015

doi: 10.1093Inarlgky537

® Fast automated reconstruction of genome-scale
! metabolic models for microbial species and
communities

Daniel Machado, Sergej Andrejev, Melanie Tramontano and Kiran Raosaheb Patil’

</\A European Molecular Biology Laboratory (EMBL), Meyerhofstrasse 1, 69117 Heidelberg, Germany

o0 >0

Considering:
¢ stoichiometry of the reactions,

Carving reaction e mass action laws,
scores T,/ r
maxs’ (y/ + ') .
® reactions entropy

s.t. ¢ optimize the growth rate

- N S-v=0
>0 »
I v>—My +ey/
& I r f
v< —¢)y + My
Functional Metabolic Models v; > 0 Vi e {torward irreversible}

v; < 0 Vi e {backward irreversible}

Targeting Vo4 <1
v’ Marine Autotrophic biomass objectives "yl e {0, 11
v Marine Heterotrophic biomass objectives yod ’
v’ Marine Mixotrophic biomass objectives Vgrowth > Unmeyth
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Metabolic Reaction
Jaccard Index
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than genotypes

/Blogeography from reactome

Ready for analyzing the Ocean
phenotypes
Need for a dedicated modeling




Analyzing each water mass metabolic behavior
(from network to model)

Metabolic network
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Analyzing each water mass metabolic behavior
(from network to model... and back to graph!)

Metabolic network

All feasible metabolic Flux correlations
solutions 02
| Exploration of the
e ﬁ /\
| (i.e., subsampling M5 \ =R Rs
el rocedure 1.0
- p ) ve
Vi

Correlation between fluxes
In reactions

~2 600 reactlons per Tara Ocean samples (1,5 times a Human orgawn)

~ &,2 wmillions of flux correlations per Tara Océan samples
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Prok. Biogeochemistry in the global ocean
(Carbon, Nitrogen, Sulfate)

NPP
CarbonExport
FluxAttenuation

NN+ T
Sal
NN- S
N NO3 - 0.2
Phos
Fe
S

- 0.0

Chia B No impact of temperature :: kinetics !

CC+

NS- cc

NN+

- -0.2

1 Positive correlation between C, N, S
N associated to C export - 04

NN-
SS+

SS-

ss.. )
Highest NPP water mass SSS
NS-
NC+
NC-
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« Simplexification » of the
Biological Carbon Pump

BCP is described by

ecarbon export
*net primary production (NPP)

eremineralization

The Global Ocean is enclosed in a convex hull that
emphasizes extreme stations ¢

Flux Attenuation (%)



dependancies for DCM

/ Carbon <-> Carbon

Core extreme dependancies
Carbon <-> Carbon
Carbon <-> Sulfur

dependancies for others
BCP extreme modes

# of metabolic reaction dependancies
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Aims of Constraints-based modeling
applied on Ocean omics data

From big data to a proper abstraction

Inference of biogeochemistry of the ocean from omics (revisiting the
microbial loop)

Mechanistic and meta-genome-scale modeling

Perspectives:

Proper mining of the key metabolic reactions

|dentify organisms responsible for biogeochemical keystone reactions (rare
or abundant? role of diversity in biogeochemistry)
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