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Overview

mExtreme pathways analysis
mPerturbations of metabolic networks
mRe-engineering metabolic networks




Summary Of Theory
m A state of a metabolic net is described by a flux vector

m Flux vectors constitute a convex cone of feasible states
® F={v| Sv=0, asv<p}
® This cone F describes the feasible modes available to the network

m The flux cone is spanned by its extreme pathways (fluxes)
® Extreme pathways are subnets corresponding to extreme rays of F
® A flux vector is a weighted sum of extreme fluxes

® Metabolic nets select fluxes to optimize linear objectives
® Objective = weighted flux (e.g., biomass growth)
e Optimal fluxes constitute a face of the cone F

Extreme pathway

Extreme Pathways

Analysis




Legend
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Example
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Based on M. Imielinski 2007; www.seas.upenn.edu/~agung/ese680files/imielinski.ppt

1 2 3 4 5 6 7 8 9 10 1 12 13
Ru5P 0 0 -1 -2 0 1 0 0 0 0 0 1 2
FP2 0 -1 0 0 0 0 1 -1 0 0 1 0 0
FéP 1 0 0 2 0 0 -1 1 0 -1 0 0 -2
GAP 0 2 0 1 -1 0 0 0 0 0 -2 0 -1
R5P 0 0 1 -1 0 0 0 0 -1 0 0 -1 1
Example
system boundary
1 2 3 4 5 6 7 8 9 10 1" 12 13
Extreme pathway 1 1 1 0 0 2 0 1 0 0 0 0 0 0
Extreme pathway 2 0 0 1 0 0 1 0 0 1 0 0 0 0
Extreme pathway 3 0 0 1 0 0 0 0 0 0 0 0 1 0
Extreme pathway 4 0 0 2 2 0 6 0 1 0 5 1 0 0
1 2 3 4 5 6 7 8 9 10 11 12 13
RusP 0 0 -1 -2 0 1 0 0 0 0 0 1 2
FP2 0 -1 0 0 0 0 1 -1 0 0 1 0 0
F6P 1 0 0 2 0 0 -1 1 0 -1 0 0 -2
GAP 0 2 0 1 -1 0 0 0 0 0 -2 0 -1
R5P 0 0 1 -1 0 0 0 0 -1 0 0 -1 1
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Example

1 2 3 4 5 6 7 8 9 10 1" 12 13

Extreme pathway 1 1 1 0 0 2 0 1 0 0 0 0 0 0
Extreme pathway 2 0 0 1 0 0 1 0 0 1 0 0 0 0
Extreme pathway 3 0 0 1 0 0 0 0 0 0 0 0 1 0
Extreme pathway 4 0 0 2 2 0 6 0 1 0 5 1 0 0

1 2 3 4 5 6 7 8 9 10 1" 12 13

RusP 0 0 -1 -2 0 1 0 0 0 0 0 1 2

FP2 0 -1 0 0 0 0 1 -1 0 0 1 0 0

FéP 1 0 0 2 0 0 -1 1 0 -1 0 0 -2

GAP 0 2 0 1 -1 0 0 0 0 0 -2 0 -1

R5P 0 0 1 -1 0 0 0 0 -1 0 0 1 1

Input Control With

(a) Example Metabolic
Reaction Scheme
(Free Outputs)

Extreme Pathways

Intemal Fluxes
vw: A= B
vu: B> C
v,: B> D
vg: D »B
v: C—>D
v: Co> E
v;: 2D - E

(b) Mathematical
Representation

Steady State Mass Balances
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Flux Constraints
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Input Control of Flux Distribution

Case 1: Case 2: Case 3:
Only A available Only A available Only C available
Vg not functional
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Extreme Modes Describe Operational Phases

= Recall the E.coli FBA
m Consider the projections of extreme pathways onto the input space

® The regions bounded by EPs represent operational phases
® A phase represents a subnet selected to process given inputs (optimally?)
e E.g., diauxic shift
e Subnet = weighted sum of respective EPs
® A “phase” is defined by enzymes activating subnets (EPs)
® The regulatory network selects a phase based on environmental input
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Input Control of Yeast Metabolism

Duare et al. BMC Genomics 2004 5:63

Growth (1/hr)

m Challenge: genome-scale analysis

m Use phenotypical phases to simplify
analysis

= Consider lines of optimality (LO)
® Growth, ethanol production...

m

Oxygen Uptake Rate
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Growth Control Through Oxygen Supply

A Growth Rate and RQ
(Glucose Uptake Rate = 5 mmol/gDCW/hr)

Simulation of metabolic behavior for optimal cellular
growth as a function of oxygen availability, ranging
from completely anaerobic fermentation to com-
pletely aerobic growth in 5. cerevisiae. The range of
oxygen uptake rates used in the simulations (orange line, Fig.
|} allows for the characterization of the PhPP's seven phases Oxygen Uptake Rate (mmal gDCWihr)
(P, - Py) and owo lines of optimalicy (LO_, i LO shana):- (2)
Grawth rate and respiratory quotient (IE.Q]- (b} Secretion B
profile for acetate, succinate, ethanol, and glycerol.
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Input Control of Growth Modes

3 B. Aerobic, glucose-limited growth C. Oxidative-fermentative growth
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Growth experiments shown on the PhPP. (a) The three groups of experimental data displayed on the S. cerevisiae PhPP
were used as an index fer the time course profiles in panels (b), (<) and (d). (b) Aerobic glucese-limited growth contrelled by
fad-barch operation. (c) Oxidacive-fermentative growth with unlimited glucose and oxygen availability. (d) Microagrobic
growth with unlimited glucose and very low oxygen availability. The AGL {b) and MA (d} data sets are located on lines of opti-
mality and as a result are stable metabelic states with only one degree of freedom (glucose for AGL and axygen for MA). OF
(¢) is an unstable merabelic state with two degrees of freedom (glucose and exygen), making it more difficult te contrel this
type of growth condition. By perturbing the envirenmental conditions, cells in OF can be shifted to sither AGL or MA (unpub-
lished results).

Networks




In Silico Perturbations of Network

m Key idea: investigate impact of change on flux
¢ Metabolic network can adapt to changes
¢ Changes: availability of nutrients and enzymes

® Can in-silico models explain adaptation?

¢ Change in inputs: limit the nutrients provided by medium
e Change in network: delete reactions (genes)

6.0

Average expression ratio

0 1 2 @ 40 =

6.0 A §
] P generations
minutes 17

In-Silico Gene Knock-Out
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Ext thy

® Knock out the enzyme (gene) of reaction 4
® Gene=> enzyme =>reaction

® EPs using reaction 4 are lost (e.g., EP 4)
= Resulting in loss of dependent subnets and fluxes (e.g., reaction 10)




Analysis of E.Coli

Edwards et al. BMC Bioinformatics 2000 1:1 doi:10.1186/1471-2105-1-1
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® Phase analysis of E.coli metabolism
® Consider impact of deleting genes on optimal growth
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In-Silico Gene Knock-Out
The Escherichia coli MG1655 in silico metabolic genotype..
J. S. Edwards, and B. O. Palsson PNAS 2000;97;5528-5533
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Fig.2. Genedeletionsin £ coli MG 1855 central intermediary metabolism; maximal biomass yields on glucese for all possible single gene deletions in the central
metabolic pathways. The optimal value of the mutant objective function (Zmutart) compared with the “wild-type” objective function (2), where Z is defined in
Eq. 3. The ratio of optimal growth yields (Zmrant/2). The results were generated in a simulated aerobic environment with glucose as the carbon source. The
transport fluxes were constrained as follows: Bglucese = 10 mmol/g-dry weight (DW) per h; Baggen = 15 mmol /g-DW per h. The maximal yields were calculated
by using FBA with the objective of maximizing growth. The biomass yields are normalized with respect to the results for the full metabolic genotype. The yellow
bars represent gene deletions that reduced the maximal biomass yield to less than 95% of the in silico wild type.
® [mpact of gene deletions on growth is computed
20
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In Silico Gene Knock-Out

Results are scored as + or — mieaning growth or no growth detenmined
from in vivolin silico data. The + indicates that suppressor mutations have
been observed that allow the mutant strain to grow. In 68 of 79 cases the in
silica behavior is the same as the experimentally observed behavior. gle,
alucose: ac, acetate; al. alveeral; suce, succinate.

® 86% predictions
= What is the source of errors?
¢ FBA ignores regulatory changes

Gana glc al succ ac Reference|
aced +it it —— (58)
acel - —i- (58)
acoEF* (D) (60)
ackd o ++ (61
acn —f- —i= (58)
acs +i+ (61)
cyd +i+ (62)
oo i - (62)
anot cH e -~ (30)
fhat N (30)
Thp +i+ —i- —i- == (30}
frd +i+ +i+ +i+ (60)
gap —I- -1- -- —-i- (30)
gik +H+ (30)
glth —i- —-i- (58)
gnd +H+ (20)
Idh —- —I- (58)
mdhtT +i+ +i+ +i+ (63)
ndh +i+ +i+ (59)
nuo +i+ +i+ (59)
okt () P . (30)
por +I+ =) =) (30}
pak - -I- -I- —- 20)
pal +H+ (20}
prtAB +H+ P +i+ (29)
pcs =i+ ) +i+ (63, 64)
pta - ++ (61
pts +i+ (30)
pyk +i+ (30)
ol —i- —i- —i- —i- (30)
sdhABCD +H+ -~ —i- (58)
sucAB +H+ 3 (= (60)
thtAR = - - a0
tpie* ) —i- —I- —i- (20)
unc ++ i+ —i- (66-68)
2wt ++ ++ +i+ (20)
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Incorporating Regulatory Interactions Model

Covert & Palsson. J. of Bio Chem, vol 277 (31) 2002

A,
Reconstruction:
Databases
Litersture o
Genome
B.

“
External == 9 5
Glncose —
i+

External Regulatory Transeriptional  Altered Network Restricted
Sigmal  Proeins Regulation Capabilities Selution Space

Time course of growth

(phenotype)

New Growth
Behavior

m Key idea: consider quasi-static Boolean regulation
¢ Compute flux distribution for a regulatory state
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Metabolic/Regulatory Interactions in E.Coli
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Legend

O Growth/Biomass Precursors
O Extracellular Metabolite

@ Indracellular Metabolite

Regulatory Proteins
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= Extend FBA with regulatory model of gene expression
m Use simulation to study quasi-static dynamics
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Quasi-Static Dynamic Interactions

5 A, Glusase § Lactase
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25
Minimization of Metabolic Adjustment (MOMA)
Segre et al PNAS 2002
FBA of knockout
= FBA models result of gene (optimal) °“FBA°M — A
deletion as re-optimizing L (optimal)
¢ Network handles deletion by
computing new optimal flux objective
function
. [+
= MOMA con3|ders an altgrnate oK ot o
model for handling deletions (stiboptimal)
* Network tries to operate “close” to | eramisaec® @i | | e D |
the wild-type flux
¢ “Close” = minimize Euclidian
distance from wild-type flux
® | eads to a quadratic optimization
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Regulatory On-Off Minimization (ROOM)

Shlomi et al PNAS 2005

= An alternate model a
b1=10__v1=10 2= = 'b2=5
-0 O =
. . L )\ vs=0
= Assume post-deletion flux is trying to v /° -
approximate wild-type flux o &=
b
m Measure of “closeness” is # of E>®LB - 3/“/@-—“»‘
regulatory changes ' A
g y g e
®
Lot k-0
@\ 5 %/
»e O—
27
ROOM=>» MILP

® ROOM Optimization

> ‘Flux v, change from wild-type ‘

Min 3y, - minimize changes

s.t

V—y(VmaX-W)SW
V=Y (Vyp-W) 2w
Sv=0,

- distance constraints
- distance constraints
- mass balance constraints

v, = 0, jeG - knockout constraints

= Mixed Integer Linear Programming (MILP)
¢ This is NP Hard
¢ Relax constraints solve LP to approximate solution

28

14



Example: FBA/MOMA/ROOM

(a) Stoichiometric matrix (b) Wild-type

Vi _[v2 |V |v4 |[v5_|v6 bl b2 |b3
L o o o R b1=10_vi=10__ jv2 b2=5
B |1 |2 |22 o |o o [o [o Jo T = = v6=5 =
c [0 [1 [0 |o [ [ [0 [0 |o _"®_’ () © @ >
D |0 Jo |t (4 [1 o [0 [0 |o (o) vs=0| (o) i
E [0 o Jo [1 Jo [1 o |4 o v3=0 V4=0
e [0 |1 |1 [0 Jo Jo [0 [0 |4 b3=5
of [0_Jo [ [1 -1 o [0 _Jo Jo @ __,

(c) MOMA - knockout (d) ROOM - knockout
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mKnock outs: pyk, pgi, zwf, ppc e QVE’J

= FBA gets over 90% wild-type predictions B
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Metabolic Networks

Re-Engineered

Optimizing Lactate Production
Fong, S.S. et al, Biotechnology and Bioengineering, 91(5):643-648 (2005).
m Key idea: knock-out genes to optimize lactate flux

® Compute optimal genes to max lactate flux (Optknock)

= Evolve mutants in media with inputs to optimize production
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Lactate Production

pta-adhE-pfk-glk Strains
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Figure 2. Physiological datz for unevolved and evolved lactate-producing strams, Each plot depicts the change in vanous physiological characteristics over
adaptive evolutionary time. Each line 1sassoctated with mdividual OptKnock-designed lactate-producng strains, The measured parameters shownin the plots
are s follows: (a) Biomass yield; (h) Lactate vield; (¢) Specific growth rate; (d) Specific glucose uptake rate; (¢) Specific lctate produetion rate, The straight
line shown in plots (), (¢), and (d) indicates the corresponding physiologieal parameter for the unevolved wild-type strain.
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Regulatory Adaptation
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Figure 5. Averaged gene expression data, invitro enzyme daty and flux data relative to wild-type strain (log ratio, except for flux data) for unevolved and
evolved lactate-producing strains. The expression state was assayed at Day 60 of evolution and compared to gene expression from wild-type anaerobic glucose
culture. Enzyme activities and fluses were assayed at three time points (unevolved, 30-day, 60-day) and compared o the data from the wild-type culture.
a: Relative gene expression for the pfB gene (upper panel), relative enzyme activity for the phosphofruetokinase {mid panel), and relative ghucose uptake fux
(lower panel). b: Relative ratio of gene expression (pgi to 2wf) (upper panel), relative ratio of enzyme activity (phosphoglucose isomerase to glucose b
phosphate dehydmgenase) (mid panel), and relative ratio of flux (glycolytic flux to oxidative PP pathway flux) (lower panel).
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Concluding Notes
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Conclusions

= Metabolic net analysis can be reduced to convex analysis
m Genome scale analysis can be simplified through

* By representing problems in terms of extreme pathways

¢ By considering input-modes in terms of phenotypical phase plan
= Metabolic network can be controlled

¢ By controlling input supply and using adaptive evolution of net

¢ By knocking-out selective genes to optimize flux of interest

m Theoretical predictions provide good approximations

m Grand challenge: integrate with regulatory & signaling nets
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