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Modeling in Systems Biology

Network Reconstruction
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Constraints on Metabolic Networks

1. Steady-State Mass Balance Constraints

1. =
— [ -
Vo SN vy
v, ]
For each metabolite: For all metabolites:
ZSij'Vproduce=z-s'ij'Vconsume Sv=0

2. Enzyme Capacity Constraints: o. < v; < 3
3. Thermodynamic Constraints: v; 2 0

4. Regulatory Constraints: o, p = 0 if associated
genes are un-expressed
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Constraint-Based Analysis

How often have I said to you that when
you have eliminated the impossible,
whatever remains, however improbable,
must be the truth?

—Sherlock Holmes, A Study in Scarlet
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Application of
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Energy and
Biomass Constituents

Mathematical Representation of Constraints
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Application of Constraints

Stochiometric, Thermodynamic,
Enzyme Capacity, Regulatory
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Exploring Biochemical Networks

by Integrating Models & Data

1. Evaluating Network Structure:

— Metabolism and Regulation
— Escherichia coli
— Genomic and phenotypic data
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Escherichia coli Networks

METABOLISM REGULATION
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How do we know /f these networks are cor/‘em‘9
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>900 Reactions
>900 Genes ~500 Gene Targets
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Reed, Vo, Schilling, and Palsson. Genome Covert, Knight, Reed, Herrgard, and

Biology. 4:R54.1-R54.12 (2003) Palsson. Nature. 429: 92-96 (2004).
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Model Driven Discovery Via High Throughput Testing
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IN SILICO EXPERIMENTAL

MODEL \ / MEASUREMENTS

Comparisons:

Model vs. Experiment
eg. Minimal Media

WT and A Growth Capabilities
Gene Expression
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Improvement & Experimental

: Design
Refinement INCONSISTENCIES
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Can be used to

. design
° experiments and
© Experiment update

=Hiode} the model

&
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Can be used to

help Interpretation
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o Experiment| i

experimental
~Model .
observations

Growth Data Comparisons: Two Failure Modes

1. Predlcted Growth but NO Experlmental Growth

2. Experlmental Growth but NO Predlcted Growth

- Missing metabolic transport or enzymatic reactions
- Incorrect regulatlon




[terative Methods for Enzyme Identification

Phenotypes vs. Model Predictions
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a,b € {0,1} (6)

For multiple solutions, at iteration g
include the additional g-1 constraints:

>a+>b=aa"+bb"-1 (7)
where n=1...9-1

Gene Expression
2 1.0
0>J W Lactate
—Cl 0.8 M L-galactonate
o
2 0.6
Qv
X 04

Searches

mformlatlcsM ools

Genes

| Mutant Growth Phenotypes _

L-galactonate M9 Minimal Medium

1.0
—BW25113 — AL

pressm ata —aym

80.6

%

~ 0.4

@)

0.2

0 12 24 36 48 60 72
Time (Hrs )

UW-Madison, Chemical & Biological Engineering

Reed et al. PNAS 103(46):17480-4



Integrated Models of Metabolism

and Regulation

——Environmental Conditions < Metabolite

(media, temperature, etc.) Uptake &
Secretion

Transcription Factor Status:
TF = 0 (TF low DNA affinity)

TF = 1 (TF high DNA affinity) Internal

Boolean Mglta)t()eoslic
Regulatory Rules u

Gene Expression Status:
GE = 0 (not expressed)
GE = 1 (expressed)

GPR Rules l Constraints on

M lic Fl
Reaction Activity: etabosf\‘/: ) l(;xes v)

Y = 0 (inactive)
Y = 1 (active)

L ] ‘ L L ]
Y Vmin_ vy Vmax

Transcriptional Regulation Metabolism
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Approach for Relaxing Regulatory

Constraints to Improve Accuracy

Metabolic Model "3(‘

- N OPTIMIZATION PROBLEM
0 Find the MINIMUM number of
U Y genes (currently OFF) that must
S AO Vaiomass 2 () be turned ON.
D (10)C0'—5—>Biomass
\_ J
" ntegrated Model %‘t
Axt-u-nf\—u—»la-m-»c
AO Veiomass =Vinreshold
| 0
_ D (10)C0'—5j—>Biomass

Barua, Kim and Reed. PLoS Comput
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Analysis of ~32,000 E. coli Mutant

Growth Phenotypes
~130 Conditions
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Metabolic network? iJR904
Regulatory network® iMC104

_ Total comparisons® 32,050

Rule correction cases (+/4+/—) 3,079

Data from ASAP Database Rescue cases (—/+/—) 2,041

d
UW-Madison, Chemical & Biological Engineering  Integrated model accuracy 23,670 (73.9%)




How Many Changes Are Needed

to Correct Each False Prediction?

Total of 3,079 Cases (+/+/-; exp/ met/metreg)

3000 I I I I I [
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E. coli’s Regulation of D-Alanine Transporter

Experimental Result: No Leucine
E.coli grows on D-alanine ‘
_ Lrp Active
Modeling Resulit:
Transporter is not expressed-> No CycA Not Expressed
growth 2.0

—_—BW25113
AdsdX

AcycA
AcycAAdsdX

600
[}

Transcription L6}
Factor A

Gene Protein L 0 2 30 40
Barua, Kim and Reed. PLoS Comput Biol 6(10) (2010) Time (Hours)




Effect of Only 11 Model

Corrections
Before 3,079 Cases; After 445 Cases
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Exploring Biochemical Networks

by Integrating Datasets

2. Evaluating Network Usage:
— Metabolism

— Salmonella typhimurium LT2 and Shewanella
oneidensis MR-1

— Genomic, proteomic, transcriptomic, and
phenotypic data
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S. typhimurium Infection Requires Survival &

Growth in Host-Cell Environment

Carbohydrates Amino Acids Minerals &
Glucose Alanine Inorganic Molecules
Fructose Arginine Sodium
Fucose Asparagine Chloride
Galactitol Cysteine Sulfate
Galactonate Glutamicacid Potassium
Galactose Histidine Phosphate
Glucarate Isoleucine Calcium
Galacatarate Leucine Magnesium
RhirAnaata I \vicina IRV iNg!

Whaf is The intracellular environment in the host
ce// r'owd/ng to the bacteria?

wialliusce oullite

Melibiose Nucleosides

N-acetylglucosamine Inosine Amines

N-acetylneuraminate Hypoxanthine Allantoin

Rhamnose Deoxycytidine Carnitine

Ribose Thymidine Polyamine

Sorbitol Uracil Ethanolamine

Cellobiose Uridine

1,2propanediol Deoxyadenosine Vitamins
Adenosine Thiamine(B1)
Guanosine Pantothenate(B5)
Cytosine



Reaction
Distribution

Optimal Blocked

(38%) (32%)

Detected Protein
Distribution

Optimal
(62%)
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Blocked Reactions (15 out of 129)
Superoxide Dismutase

Amino Acid tRNA Synthetases
Cofactor Biosynthesis

eHeme
e Ubiguinone

Suboptimal Reactions (34 out of 129)
Peroxidases

Respiration
e Cytochrome bd oxidase
e DMSO reductase

Fermentation
e[ actate Dehydrogenase
e Pyruvate Formate Lyase

Futile Cycles

e Phosphoenolpyruvate Synthase & Pyruvate Kinase
e Fructose Bisphosphatase & Phosphofructokinase

Purine Biosynthesis (4)
Amino Acid Biosynthesis (9):

e Threonine, Cysteine, Arginine, Asparagine
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Shewanella Growth and Non-Growth

Associated ATP Requirements

1000

N
(&)

= . + 1. @ L. plantarum B S. coelicolor
y =220.22x+1.03 1 0 B. subtilis

— - B L. /actis
» £ 201 R?= 0.9964 S 100/ DE. coli W S. oneidensis
w3 £ ® G. sulfurreducens
© E 15- Q B M. tuberculosis
3
E.E» g 104
L 5 101 o
N @
e« £ | l_

The high GAR is unrea/:shc Why is MR-1
metabolically inefficient under these conditions?

0.12;

GAR = 220.2 £010]| o Exporimenta Das

o«

(777/77676/21/1fﬂ£)b1{) 2 0.08

o
% 0.061
2 0.04

NGAR = 1.03 3 g0z
(mmol/gAFDW/hr) o

Lactate Uptake Rate (mmol/gAFDW/h)
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Characterization of Reactions

(Aerobic Growth on Lactate)

(+) atp
—> A} B > C—> Biomass—> Reaction Distribution
(-) atp
D [l Optimal Reactions
—> Optimal Reactions — Suboptimal & Non-Futile Reaction B Suboptimal & Non-Futile Reactions
—> Suboptimal & Futile Reaction Blocked Reaction B Suboptimal & Futile Reactions
[ Blocked Reactions
Hypothesis: Gene Distribution
EXpECt ngh EXpreSSIOfl 0 Only Associated with
’ Optimal Reactions
Of Op tl m a/ Gen es 0 Only Associated with
Suboptimal Reactions
0 Only Associated with

Blocked Reactions

Expect Low Expression
of Suboptimal Genes

A

@ UW-Madison, Chemical & Biological Engineering Pinchuk et al. PLoS Comp Biol. 6(6) (2010)

0 Genes Associated with
Multiple Reaction Types



Expression of

Potential Futile Cycles:

*Pyruvate Kinase + Phosphoenolpyruvate synthase
* Phosphoenolpyruvate carboxylase + Malic enzyme
« Fatty acid synthesis + degradation

] 3 . ) Less Efficient Enzymes:
c ‘é 2t Ndh and Ngr > Nuo
23 4]
5 ol
“CJ 5 -1 Data from FedEx 2
© 8 Experiment from
(E“’ <q’§ 2t M3D Database at BU
5873
3 _4 2 a a s 2 2 s
~ 6 7 8 9 10 1 12 13

Average Expression Lactate Aerobic
@ UW-Madison, Chemical & Biological Engineering Pinchuk et al. PLoS Comp Biol. 6(6) (2010)



Possible Reasons for Less Efficient

Growth (High apparent GAR)

e Futile Cycling
— Three times lactate uptake rate: GAR ~80
e Protein Turnover
— Each peptide bond hydrolyzed 7 times: GAR ~80

o Inefficient Use of Electron Transport Chain

— 0.5 to 2.5 ATP per electron pair
— Simulations done with 1.7 ATP per electron pair
— Using 0.5 ATP per electron pair: GAR ~80

TMAO
Hz202+2H+ 2 H:0

*c *s* k v‘ &11“:537

Cytoplasm

NADH 1 2 Oz H20 NADH H20 NADH NAD

b o Pinchuk et al. PLoS Comp Biol. 6(6) (2010)



S. oneidensis MR-1 Mutant

Phenotypes

- B

ACOX-CCO=—>;
MR-1

g 0.4 ]

0.2 1

AcCox

0.8 1

0.0

5 10 15 20 25
Time, h Time, h

Deletion of malic enzymes improves growth  Deletion of Cox-Cco improves growth
- Futile cycle involving malic enzyme - MR-1 uses Cyd (2H+/2e-)
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Leveraging Biochemical

Networks

Metabolic Engineering: Adjust metabolic behavior by
engineering strains to produce useful chemicals

Drug S CommOdity Lignocellugsela?dffiigl{ge
Chemicals P Heges
- Xyl Ara Man Glc Gal
' VA
HO /\/\OH X5P 66P<—G1P
Ly Hydrogen
@:ﬂ:@j) \ / / Biodiesel,
The miracles of science- G3P °rma al:jnes
S ® Pyr Mal-CoA L [Ephd fuTlS
orona e

Artemisinin \ oYY A

Alper & Stephanopoulos
@ UW-Madison, Chemical & Biological Engineering Nat Rev Microbiol (2009)




Mutant Prediction Methods

Metabolic Model

Wildtype Solution Space
Knockout Solution Space

A

@ FBA
O MOMA

Growth Rate

>

Some Non-Essential Flux
Segre, Vitkup, and Church.

@ UW-Madison, Chemical & Biological Engineering PNAS. 99(23)15112'7 (2002)



What Happens if Cells Evolve?

AR, A,

ALA A

Day 1 Day 2 Day ..

Apck evolved on
a-ketoglutarate

.1. A l.l’ ’ l‘l

" l’“ ";0.‘ , N # peki

“. A Ay m pck2
" A pck3

10 20 30 40 50
Day of Evolution

Faster growing cells outcompete others and
select for cells with higher growth rates

@ UW-Madison, Chemical & Biological Engineering
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2
OptKnock: Identifies Mutants with Coupled Biomass &

Metabolite Production

Knockout Production Capabilities

Un-Coupled Growth & Coupled Growth &

<
g Ethanol Production Ethanol Production W||dtype
- Knockout
3
& ® FBA
re O MOMA
-
(T
o e
v > >
Growth Rate Growth Rate

Finds reactions, that if removed, couple biomass production to metabolite
production (ie. higher growth =higher production)

So even if mutants initially have low production, by adaptively evolving strains using
growth rate as selection pressure, the mutants should improve their productivity
Burgard & Maranas. Biotechnol & Bioeng.

@ UW-Madison, Chemical & Biological Engineering 84(6):647-657 (2003)



|l. Reactions without Genes

> Spontaneous Reactions
A B (~1%, egq. glycerol diffusion)
Unknown Enzymes

?
A B (~7 %, eq. transporters)

ll. Reactions with Isozymes

pfkA or pfkB Reacti b Multiol
—_ eaction with Multiple

A B Isozymes (~30%)

C % D Reactions without

Isozymes (~70%)

lll. Different Phenotypic Behavior

tktA or
tiB ) Unwanted Reaction
A A B (eq. Other Byproducts)
or
c KBy p  Additional Reaction

(eqg. Essential Reaction)

IV. Transcription Factor Prediction

aceEF
A—> B

mdh
C—>D
Deletion of Single Transcription Factor
Affects Multiple Genes & Reactions

Fnr

@ UW-Madison, Chemical & Biological Engineering
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Benefit of Considering Genes and Regulation
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Deleting by Gene versus Reaction

Number of Reaction Deletions

Double Tnple Quadnple Quintuple Owerall
BU 1 I I I I 1 I I I I I I I 1 I

1. 200 Total Optknock Strategies
. 50 Double Reaction Deletions

ok g :
« 50 Triple Reaction Deletions o .
50 Quadruple Reaction Deletions 60 | . . ; ;
50 Quintuple Reaction Deletions _
2. Mapped reaction deletions to gene |

deletions
«  OptKnock Strategies had between
2 and 10 genes

Frequency (%)

3. Found OptORF strategies with the
same humber of gene deletions

2 6102 6102 610 2 6102 610
. . . . . . Number of Gene Deletions
@ UW-Madison, Chemical & Biological Engineering .



PAS

Deleting by Gene versus Reaction

100 T T T T T 05
’_8\90- a““‘nn- 0.45-ﬁ
5w 2RAAA AR4%
& 80+ 2 A ~ 04 A
O c A
P = 035
-+ —’
>~ 60f D o3
~—~ (qv]
.5 50 j‘é 025} A g A ;
) )
S 4o} % 02} A g -
8 5, "8 €o2
= 30°F O 0.15F -
o o,
O 20} - 01}

(o)
= A OpKnock 15 /9 OptKnock _
S 10 O  OptORF (—Reg.)|- 0.05 strains are not viable -
LLl
2 4 6 8 10 2 4 6 8 10
Number of Gene Deletions Number of Gene Deletions

@ UW-Madison, Chemical & Biological Engine Kim and Reed. BMC Systems Biol 4:53 (2010)



Adaptive Evolutionary Outcomes are

Consistent with Regulatory Predictions

Apta AadhE

I Met. only

N Met.+Reg.
Day 60 | —x— Exp.

B Mt only I Met.+Reg.

100%| — —a — — = —

80%

60%

40%

Yps (mol lactate/mol glucose)

20%

Relative Growth Rate (Exp./Model)

0%

0 0.05 0.1 0.15 Adack Apck Appc Azwf
Yy (g DCW/g glucose) Strains

Data from S.S. Fong et al. Biotech & Data from S.S. Fong et al. Nature

Bioeng (2005) Genetics. (2004)
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Transcriptional Regulation Restricts

Growth and Ethanol Production

100 — . . ' ' 0.5 — ' , ' .
X e O 80% OptKnock strains are
N0 g o ! 0451 not predicted to be viable -
= oo
O 80} 0.4
D
S 70} —~ o35} A g § § A
2 c
[ S~
o 60f = 03 A
< ) O
S 9 AAAAA S 025 @O
(s A AA < O O
.8 40 + % 0.2 o) 8 8 o
&l 5 - |
630 AAA 0.156AA N 500
£ » | €088
i0 A OptKnock o
10 O  OptORF (+Reg.) | 0.05 }
A
0 —‘—A% 0 —'—A—A—A—A—A—A—A—
2 4 6 8 10 2 4 6 8 10
No. of Gene Deletions No. of Gene Deletions
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Patterns of Mutations for

Improving Ethanol Production

OptORF (+Reg.)
fnr gmiR tpid gdhA pgi pfIAB tdeE arcA purT ptsH pla  ewtD

gdhA

pfIAB
tdcE
arcA
purT
prsH

pla
eutD

Anti-Correlated Mutations: Correlated Mutations:
arcA and fnr *gntR and tpiA
pgi and tpi (and gntR) *pfIAB and tdcE
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Strains for Ethanol and Isobutanol
(via BCAA pathways) Production

ETHANOL: Gene Over- | Growth Ethanol
Gene Deletions Expression Rate Production
(% max vyield)

Afnr ApfIB AtdcE Apgi edd 0.225 86.2%
Afnr ApflB AtdcE Atpi edd 0.235 90.5%
Afnr ApflB AtdcE Atpi AgdhA edd 0.214 91.4%
AarcA Apta AeutD Atpi AptsH — edd 0.192 91.6%
Gene Deletions Expression Rate Production
(% max yield)
AadhE AgdhA 0.223 89.5%
AgntR AadhE Apgi 0.128 93.8%
AadhE Atpi edd+fbp 0.128 94.3%
AadhE ApntA Anuo edd+fbp 0.110 95.1%

{ | AadhE ApntA AgdhA edd+fbp 0.102 95.5%



PEP PYR

82.5
ptsGHI-crr

glk wf pgl gnd
GLC — G6P wm==p 6PGL —}6PGC —)RUSP rpzA

Strategy with Gene "™~ | - ]o

XUSP-D R5P-D

Deletions & Gene  ;: fa ]
Over-expression | M

eda talB
97.8
DHAP (— G3P. 03

Mutations A ~——> e

98.2

Afnr ApfIAB

pgk l97.8
-
AtdCE Apgl 3PG A\ fumd
gpmA PYR maeA fumB
+ dd gpmB los.(y ~ fumC
e gpmM oo ' 0.0 /—)FUM frdABCD
2PG ey PEP pck MAL-L 8.5
i i} 95.6 1)\LA 0 0 0 0 SUCC
|
Predicted Ethanol Yield: Pt ey — — A
86 0/ (0] ‘aceEF-Ipd ACCOA SUCCOA
177.5 .
PI'Ed iCtEd G I‘OWth Rate: adhE 0.0 élhf CIT.-"': By )
ETOH % ACCOA 7~ " e i 7 s
0 | | 2 2 5 h r- 1 B pta acnA _) GLU
0.7\ eutD acnB Sl gdhA
pur
AC <—— ACTP
0.7
(] Repressed Gene @) Overexpressed Gene (+)

Al UW-Madison, Chemical & Biological Engi @  De-repressed Gene > Deleted Gene (4)




Strain Design Summary

e OptOREF is general and can be applied to other
microbes or for production of other products (eq.
isobutanol).

e Modeling accounts for the local and global affect
of mutations to predict behaviors.

e Relatively easy to couple growth and ethanol
production under anaerobic conditions, OptORF
provides simplest genetic strategies.

e Can identify novel metabolic engineering
strategies.
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Concluding Comments

1000

- 100

e Genome sequencing has enabled § |=wes IllI g
. o

the rapid development of genome-  § - I E

scale metabolic models. g I

© 10 £

O S

e Models can be to predict or = lll“ 8

describe cellular behavior prararpnaemcn -

Year

e Models can provide context for experimental data. New
methods for using ‘omics’ data to further constrain
models are appearing (e.g. gene expression data).

e Model-data inconsistencies can be interesting, they can
indicate problems with models, data, and/or our
understanding of biological networks.
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