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“The individual taxonomic units evolve and go extinct, yet the core
chines survive surprisingly unperturbed.”
PG Falkowski et al, Science 2008



Metabolic networks: EXxploiting constraints

metabolic network are evolved

However metabolic networks many physical/chemical con-
straints

stochiometry, energetic constraints

can/should be exploited

allows for model upscaling to complexity of present day or-
ganisms



stochiometric constraint, 4+ equillibrium assumption
allows calculation of (optimal) flux through large
metabolic networks

KEGG databse metabolic network yeast



I. Reaction network formalism

Il. FBA formulation

Dynamic mass balance

dC
dt
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Steady-state assumption
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Flux balance analysis FBA
assume 'automatic’ regulation such that flux in
equillibrium and maximal growth

FBA solution non-unique:

use secondary optimization, eq minimal total flux
stochiometric matrix (nA — > mB)

reactions coupled to enzymes

set maximum flux (when enzymes are present) ( OR, AND
reactions))

however actual flux not proportional to amount of enzymes



examples of flux balance analysis

e How do fluxes (growth) change with change of environment
(=input-flux)

e How do fluxes (growth) change with knock-outs?

e How do fluxes (growth) change after endosymbiosis?
(cf Pal Papp Nature 2006)

e reconstruction of Ecosystem wide metabolome
(cf Bas Dutilh)

o ....

e How do genomes reduce after whole genome duplica-
tion?
(cf van Hoek and Hogeweg 2009)



automatic reconstruction of metabolic networks from
annotated genomes cf Henry CS1, DeJongh M, Best
AA, Frybarger PM, Linsay B, Stevens RL. 2010




Hngh-Throughput Genome-scale Metabolic Reconstruction Pipeline
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Figure S1: Overview of results and discoveries arising from the Model SEED pipeline.



Using FBA to reconstruct evolution of metabolic
network of yeast after WGD

to cope with
genome-size networks:

exploit constraints
and use shortcut:
optimal equillibrium flux

Yeast metab. network



evolution of metabolic flux after wGD
FBA assumptions

e WGD — > volume increase (decrease surface/volume ratio)
volume = depends on genome size

e flux of metabolic reaction depends on gene expression,
dosis effect: gene copy number

e Mmax flux through each reaction preset to maximum needed
for optimal growth in sampled set of realizations of 10 en-
vironment types

e enzymes have multiple functions

e reactions need multiple enzymes
take into account OR, AND (AND/OR) relations

e flux transport reactions: depends on gene expression AND
surface/volume ratio

e after gene deletion maxflux reduced accordingly



WGD, cell size and fluxes

cell size scales with amount of DNA

108 —

Cavallier Smith (e.g. 2005) .
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V=1.89 * haploid cells
surface: 1.56 * haploid cells Q]
V=N A=V"T 0 _
where N number of genes e

01 | | | | | | | |
0-01 01 1 10 10 108 10 105 108

Cell volume (fL)

MaxFlux change as function of area change(«), volume change

(8) and gene dosage change ~)
external flux internal flux

o }Jl"]
Zor) 1+ Fm:u-: 1) = -'I'_mm-:.l]':.".:' _J!rj

Frax (1) = F (1) —
max | ! max. 0L r }rj }’I:.'_:I.‘t'l:.'_] iy




evolution of metabolic flux after wGD
evolutionary protocol

e O types of environments (available nutrients).
realized in different concentrations
e per generation 1 environmemnt seen
e pop size 100: flux dependent replication
death: nogrowth + random
e after wgd: only deletions
or duplication 4+ deletion (max 2 copies)
e NO fitness advantage for genome schrinkage smaller than
intial volume



evolution of metabolic flux after WGD

evolutionary dynamics: growth rate and genome reduction

49500 49600 49700 ]




evolution of metabolic flux after WGD
flux in the various environments
(max and mean concentration)
initial decrease — how/when does it happen in
evolution




0
0

10000 20000 30000 40000 30000

glucase —

anacroble
| egenfim ) 7

10004 20000 30000 40000 30000

0.2

0.13

a1l

0.01

0.02

0.01%

0.01




Genome schrinkage after whole genome duplication
dynamics of use of pathways in anaerobic glucose
environment (env 3)




cer‘ol d Netahohsm

g; i %péxfral}ellﬁl

ycero ipid_Hetabo

1101 AT tochondria

183 ﬁlanme and ﬁspwtate)‘letabnllsm
- _Mitochondri

eotlde Salvaglfatmay

hlUﬂ ne m&io

= ho 1pl ?hesis
r'ansgurt. E grace

45r‘lefI:hn:wune Metabolism

ycCe| etabo
619 Gll_-jGEl"ﬂll b ﬂEtam]lSl’fl

Transport_Mitochondria
%I lfﬁe Leuc%rpe and_ isoleumne Metabolism
ycme and _Serine_fMetabolism
T rans p-urt ] MiEo hondna}.
ans| (b ¥-1
?743 Tﬁansnorﬁ hf?g chon r‘ml
3_Methioning | r‘letabo

1
Tr and_Phenylalanine_Metabolisn
f nygommdma 3

SI’!

=) g 15
(77 _Glutanate _petabnlism
?Sa'i:hmnlngnnetahulisn

“Transport_fi
gg Fl?gnme and :-Eespart.ate ll'le ism
4_planine_and ﬁapa’*t.tﬁte'ﬂe ism

574 Fattu_Acid B

1125 Huclsotids 531

“Nucleotide Salva

anspi i Eochon

2‘62_Transporf mtnc

F01_Purine_an wlme- osgnthesm
0 Nucl oEldE aee g

288 _fucleotide Salu
uﬁs_mldatlve Pho??mrylatmn

?ﬁ_ gruvate MeEabolism
eri éafgh“‘*a; "

at l\u'E

msgnthesm
a on
gop n_and_Phenylalanine_Metabolism
tophan_and_Phenulalanine Metabolisn
acel luTar




Only in “new” environment - nodirect disadvantage of WGD
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BUT single INDELS initially better Exept in ethanol env
WGD mostly better end result than single INDELS



WGD: Simulated evolution and/vs yeast
duplication of yeast vs duplication of ancestor of yeast

(+hgt)
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Preferential retained genes: Glycolysis pathway and Trans-
porters



Evolution predictable!



conclusions
supervised vs non-supervised modeling of
WGD In Yeast

“Supervised”
Conan & Wolfe (2007)

“Non Supervised”
van Hoek & H. (2009)

find genes preferentially retained
glycolysis pathway

Model glycolysis pathway assuming
dosis effect of duplicated genes
demonstrate WGD can lead to
increased glycolic flux

take known interactions

metab. net 4+ DNA-volume relation
model evolution

find preferentially retained genes
glycolysis & transport

WGD mostly disadvantaeous initially
except in “new” environments
seldom better than single INDELS
evolutionary outcome “deterministic”

WGD enabled to exploit
high glucose resource
during emergence of angiosperms

WGD enabled to exploit
high glucose resource
during emergence of angiosperms

observed outcome of WGD

expected outcome of WGD




WGD observed in phylogeny at times of environmental shifts
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WGD observed in virtual cell model at times of
environmental shifts

WGD ongoing mutation,
but only fixed in population EARLY in evolution
OR after SOME (severe?) environmental changes
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and WGD leads to high fithess much later Cuypers & Hogeweg 2014



Neutral Paths, Causal Drift, Robust Signaling, and
Complex Disease Andreas Wagner 2015 PLONE

Explicit model of Insuline signaling pathway

Random sampling of 15 Kinetic parameters 103 -103
and evolving populations by mutating these parameters

Generate many “healthy” and ‘“sick” individuals (pathway
instantiations)

Classifying behavior as “normal” V = 0.076210~%

or "deseased” V = 0.33z10"%

(based on glucase uptake-curve in time) Determine sensitivity
of parameters in different populations and during evolution.
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Fig1. Insulin signaling model, input and output. a) Molecular interactions in the signaling pathway modeled here. Briefly, extracellular insulin leads to
phosphorylation of the insulin receptor, which promotes the phosphorylation of IRS1 to yield IRS1P. The latter molecule associates with PI3K in a complex
that triggers production of the second messenger Fl545 Ps, which activates the protein kinases Akt and PKCZ. These kinases then promote the translocatior
of the glucose transporter GLUT4 to the membrane, where it helps import glucose into the cell. Mass-action parameters that determine the rates of the
respective reactions are indicated by a 'k’ followed by a subscript. Activated PKCZ and Akt exert feedback on the production of two different phosphorylated
forms of IRS1 (IRS1SP and IRS1P). The strength of this feedback is encapsulated by parameters fexcze and faue, respectively. See Methods for details. b)
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The model’s first three equations are
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Fig 1. Insulin signaling model, input and output. a) Molecular interactions in the signaling pathway modeled here. Briefly, extracellular insulin leads to
phosphorylation of the insulin receptor, which promotes the phosphorylation of IRS1 to yield IRS1P. The latter molecule associates with PI3K in a complex
that triggers production of the second messenger Pla4s Ps, which activates the protein kinases Akt and PKCZ. These kinases then promote the translocatior
of the glucose transporter GLUT4 to the membrane, where it helps import glucose into the cell. Mass-action parameters that determine the rates of the
respective reactions are indicated by a 'k’ followed by a subscript. Activated PKCZ and Akt exert feedback on the production of two different phosphorylated
forms of IRS1 (IRS1SF and IRS1P). The strength of this feedback is encapsulated by parameters fexcze and fame, respectively. See Methods for details. b)



Importance of parameter varies greatly depemdemt
om parameter set (= genetic

background)
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very high neutrality of 'gene’deletions
but very different in different parameter sets
(instantiations).
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Rapid “Causal drift”
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