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The proteome fraction allocated to methionine biosynthesis is optimal.
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Warburg effect and metabolic efficiency
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Overflow metabolism and metabolic efficiency
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Growth rate is a unifying variable that describes overflow metabolism.
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Fermentation is >50% more proteome-efficient at generating ATP than respiration.
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Fermentation is >50% more proteome-efficient at generating ATP than respiration.
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How does the cell implement optimality over its complex metabolic network?
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Flux balance analysis

Orth et al. Nat Biotechnol (2010) Vo
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Metabolic fluxes are near optimal in multiple objectives.
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Metabolic fluxes are near optimal in multiple objectives.
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Ribosome design is near optimal.

r-proteins

~50 small proteins
of similar length

i?‘\\\P\

~50% of mass in
~3 RNA molecules
that vary in length

Reuveni et al. Nature (2017)

Summary

- Bacterial growth is approximately
optimal at multiple scales:

- Ribosome design is parallelized.

- Enzyme levels are regulated and
achieve near optimal growth rate.

- Coarse-grained laws emerge and
make parameter-free predictions
about growth in diverse scenarios.




What is generalizable across species? Not the molecular components.
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What is generalizable across species? Not the exact algorithms.
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What is generalizable across species? Not even the networks themselves.

Power law exponents y~x*
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Are there simple rules in bacterial growth
across species and environments?




Biomass growth is proportional to the number of nutrients consumed.
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What is generalizable across species? Maybe the network features?

- Metabolic networks are scale-free. (hubs)
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Detour: Random walks on graphs and eigenvector centrality

Consider a random surfer,
Pi=(1-d)=-+dg—.
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Albert et al. Nature (1999)

Detour: Random walks on graphs and eigenvector centrality
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What is generalizable across species? Maybe the network features?

- Metabolic networks are scale-free. (hubs)
A - Metabolic networks are modular. (motifs)

m X A real network B randomized networks
AN

Milo et al. Science (2002)
Ravasz et al. Science (2002)

What is generalizable across species? Maybe the network features?

v - Metabolic networks are scale-free. (hubs)
18 - Metabolic networks are modular. (motifs)
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Across species

Basan et al. Nature (2015)
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Coarse-grained network features

Proteome-constrained optimization predicts cross-species trends in growth.

Gut bacteria monocultures in
a complex growth medium
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Reaction-based graph

Nutrient function decomposition
@ Multifunctional nutrient

Division of labor among input nutrients increases in complex environments.
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Detour: Random walks on graphs and flexible neighborhood similarity

- Define the neighborhood N (u) of a node u as the
collection of nodes sampled via random walks
starting from node u.
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Coarse-grain metabolic networks via representation learning:
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Coarse-grained sectors link network structure and nutrient function.

Nutrient dropout for E. coli in the full environment
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Coarse-grained sectors reveal growth laws across species.

Metabolic proteome allocation
from gene expression data
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Coarse-grained sectors reveal growth laws across species and environments.

Gywth regula&)n Model fitted to in silico data
E. coliin vitro E. coliin silico 12 (as shown in Figure 4G)
0.8 z
ke e |- £ b
< 0.6 g ..“’ ..
) B 9.
Across environments © 0.4 1._?; 06 *° ‘." .
e s ' 1= - 1
E. coliin 131 s 0] e fdey
wide-ranging conditions |—» £ 0. E hd f,’,‘
(Sastry et al, 2019) o g = r=0.08
0.012.=-069 ‘ ‘ 0 i 9.0+ r=0.54
7005 0.10 015 0.20 ' 0o 05 10 15 20
Sector fraction, E, Sector fraction, E, Predicted growth (h'')
TF-associated iModulons
in E. coli (independent gene sets L 1 [ Transcription factor
inferred from transcriptomes) Cra | fry MMUBKA f6p foah =~ »Pepge====kpyr  — Repression in E. col
~ PpsA | —> Activation in E. coli
A | Repression in P. aeruginosa
m Sector 3
AraR | alu L argA argBCDE _ argFGH ar
Enriched in a single UGR S acglu N B g:ﬁﬁ”;
Not enriched in a single UGR Polyamine metabolism Sector 15

Zhu and Ho. In submission

Coarse-grained network features are key determinants of growth.
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Bacterial growth laws — from quantitative phenomenon to understanding:

Gut bacteria monocultures in
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Alot of data/

Biomass yield (OD)

Gut bacteria monocultures in
a complex growth medium
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Biological diversity is a key engine for generating fundamental questions.
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