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Metabolism at the cellular level
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Inferring metabolic fluxes is useful but complicated
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Inferring metabolic fluxes is useful but complicated
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Framework

a Genome-scale
metabolic reconstruction

b Mathematically represent
metabolic reactions
and constraints

C Mass balance defines a
system of linear equations

Orth et al 2010
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Framework

Not phenotype-specific

Ambiguous inferences

Cancer metabolism
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Framework
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Framework: Using the principle of maximurp_entropy

Jaynes

max H,(X)
v
subject to: 1. How do we define H in the context of
. the fluxome space?, and
Sv=20 .
2. How do we incorporate gene

LB<uv<UB expression data into H?



Assumptions: MaxEnt
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MaxEnt compared to alternative methods
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MaxEnt does not eliminate flux loops nor produced fluxes reaching their bounds

A 0<vs<Inf |B MaxEnt C MinFlux D Geometric




Some flux loops are thermodynamically feasible
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Results: MaxEnt does not eliminate flux loops nor produced fluxes reaching their

bounds
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MaxEnt produces an structured distribution of fluxes (Almaas et al 2004

Nature)
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It is unlikely that flux sampling results in fluxomes with high entropy. On the other
hand, MaxEnt produces better fluxome estimates than alternative methods.
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Phenotype-specific estimations

Cancer metabolism
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Constraint-based models conditioned on phenotype-

specific data
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SPOT (Kim et al 2016)

max V-g
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Defining H and adding gene expression (g) into it.

v, = i€ Hy(v) =—Zin(w)long(vi)
Ui = JiYi i
fg Z—Zgin(‘U)long(U)
fi = vi/g; . / /
P (v,) = Uil9 - Yoyl
;) = =1
I V v v;/ 9




We called our approach Pheflux

subject to:

Gonzalez, Inostroza, Conejeros & Rivas
iIScience 2023

Infinite fluxomes (v) = One v per phenotype maximizing entropy (H,)
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How does Pheflux compare to SPOT?
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How does Pheflux performance compares to alternative

methods?

We used as
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S. Two conditions Nookaew et al. Papini et al. (2012)[3):
cerevisiae chemostat and (2012)[2): Fluxes measured using

iIMM904 [1]

batch— supplemented
by glucose as carbon
source.

Data measured using
RNA-seq technology.
Three replicates per
condition. Normalized
by FPKM.

13C" labeled. No
replicates.

S. stipitis
iTL885 [4]

Two conditions

chemostat and
batch— supplemented
by glucose as carbon
source.

Papini et al. (2012)3]:

Data measured using
RNA-seq technology.
Three replicates per
condition. Normalized

by FPKM.

Papini et al. (2012)[3]:
Fluxes measured using
3¢ labeled. No
replicates.

Y.
lipolytica
iYali [5]

One condition —mixed
culture

supplemented by
glycerol and glucose as
('ill'h()" source.

Sabra et al. (2017)[6]:
Data measured using
RNA-seq technology.
Two replicates.

Normalized by FPKM.

Sabra et al. (2017)[6):
Fluxes measured using
3¢ labeled. No
replicates.

E. coli
iJO1366(7|

it conditions
supplemented by
glucose, gluconate,
galactose, succinate,
pyruvate, glycerol,
succinate, acetate and
fructose, respectively.

Gerosa et al. ('_’()l:'))lb‘]:

Data measured using

microarray technology.

Three replicates per
condition. Normalized
by quantile
normalization.

Gerosa et al. (2015)[8]:
Fluxes measured using
3¢ labeled. No
replicates.

B. subtilis
iYO844 [9]

Eight conditions
supplemented by
glucose, fructose,
gluconate, succinate +
glutamate, glycerol,
malate, malate +
glucose and pyruvate,
respectively.

Nicolas et al. (2012)
|10]:

Data measured using

microarray technology.

Three replicates per
condition. Normalized
by quantile
normalization.

Chubukov et al. (2013)
[11]):

Fluxes measured using
13 labeled. No
replicates.
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Does the situation changes at genome-wide scale?
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Does Pheflux recapitulates the Warburg effect?

Warburg effect
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How Pheflux inferences add new insights into cancer metabolism?
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Results: Can Pheflux be run in a reasonable time?
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Conclusions

Pheflux:

1.
2.

outperforms alternative CBMs (SPOT and FBA at genome-wide scale),
it produces phenotype-specific predictions that matches the literature (Warburg
effect),

3. it may inform therapeutic targets (experimental validation needed), and
4.

it can be run to model genome-scale models.

Room for improvement:

1.

Pheflux does not prevent thermodynamically infeasible fluxes (M. Farias & N
Ameéstica),

Using proteomic data, rather than gene expression data, should improved
predictions.



Work in progress: Epigenetics

Chromatin fiber
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https://www.nature.com/articles/nmeth.1673?proof=t

Work in progress:Epigenetics
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Metabolic pathways 2,30E-09| 870E-08
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Work in progress: Entropic sampling
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