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OutlineOutline

� Constraints in biology
� Reconstructions and applying constraints
� Constraint-based modeling (CBM): 

philosophy and overview
� Basics of flux balance analysis (FBA)
� Lessons learned
� CBM: an expanding field
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Lessons Learned:Lessons Learned:
Applications to GenomeApplications to Genome--scale scale in silico in silico 

ReconstructionsReconstructions
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Lessons Learned:Lessons Learned:
Applications to GenomeApplications to Genome--scale scale in silico in silico 

ReconstructionsReconstructions

1. Deletion studies (H. influenzae)
2. Essential amino acids (H. pylori)
3. Reaction subsets / operons (E. coli)
4. Gap analysis (E. coli)
5. Optimal growth predictions / adaptive evolution 

(E. coli)
6. Iterative hypothesis generation (E. coli)
7. Integration of heterogeneous datasets (E. coli)
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Example #1: Gene Deletions & Example #1: Gene Deletions & 
Production DeficienciesProduction Deficiencies
H. Influenzae Central MetabolismH. Influenzae Central Metabolism
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50 Biomass Requirements
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Minimal Substrate 
Conditions

(fructose)

Carbon-supplemented
Conditions

(fructose, glucose, glycerol, galactose, 
fucose, ribose, and sialic acid)

Production Capabilities Under Two Environmental Conditions:
1. “in vitro” Minimal Media (fructose)
2. “in vivo” Complete Conditions (multiple carbon sources)
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Example #2: H. Pylori Minimal RequirementsExample #2: H. Pylori Minimal Requirements

• 8 amino acids required

• purine sources
Adenine
Adenosine
Guanine
Guanosine
Hypoxanthine

• sulfur source
Cysteine
Sulphate

• oxygen
no substrate level 
phosphorylation (lacks PYK)

• glutamate
Requires alanine or arginine, 
only component not 
dependent on one substrate

MET

TRP, TYR

LEU

HIS

GLU, GLN

ASN, ASP

GLY, SER

LYS, THR

MTHF

ATP, GTP, dATP, dGTP

CTP, UTP, dCTP, dTTP

PTRC

ACP

UDPP, OPP

FAD

NAD, NADP

LPS

COA

MK, DMK

PG, PE, PS

PEPTIDO

ALA

ARG, PRO 

PHE

CYS

Methionine

Hisitdine

Isoluecine

Leucine

Thiamin

Sulphate/Cysteine

Alanine

Arginine

Purine Containing Compound*

Phenylalanine

Valine

HEME

THIAMIN

Helicobacter Pylori
Minimal Substrate 

Requirements

Biomass Requirements

Phosphate

Oxygen

ILE

SPMD

VAL

* Adenine, Adenosine, Guanine, 
Guanosine, Hypoxanthine
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Example #3: Reaction Subsets (Example #3: Reaction Subsets (E. coliE. coli))
Arginine

Arginine

N2-succinyl-L-arginine

N2-succinyl-L-ornithine

astA

astB

astC

arcD

h2o, h
co2, nh4

astE
astB
astD
astA
astC

intracellular

extracellular

Regulon

transcription & 
translation

operon

Ornithine

Ornithine

N2-succinyl-L-glutamate 5-semialdehyde

α-ketoglutarate
Glutamate

N2-succinyl-L-glutamate

h2o, nad
nadh, h

Glutamate

astE

Succinate

Succinyl-CoA
CoA, h

h2o

astD

operonspeB
speA

operonarcD
ydgB

Agmatine Putrescine

Ureah2oco2h

Urea

speA or adiA speB

glpF

operonglpK
glpF

Arginine

Arginine

N2-succinyl-L-arginine

N2-succinyl-L-ornithine

astA

astB

astC

arcD

h2o, h
co2, nh4

astE
astB
astD
astA
astC

intracellular

extracellular

Regulon

transcription & 
translation

operon

Ornithine

Ornithine

N2-succinyl-L-glutamate 5-semialdehyde

α-ketoglutarate
Glutamate

N2-succinyl-L-glutamate

h2o, nad
nadh, h

Glutamate

astE

Succinate

Succinyl-CoA
CoA, h

h2o

astD

operonspeB
speA

operonarcD
ydgB operonarcD
ydgB

Agmatine Putrescine

Ureah2oco2h

Urea

speA or adiA speB

glpF

operonglpK
glpF operonglpK
glpF

P = 0.003
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Correlated Sets / Operons (Correlated Sets / Operons (E. coliE. coli))
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A Correlation Between Expression of 
Genes in Correlated Sets
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Correlation Between Expression of 
Genes in Transcription Units

B

Correlation of Genes in Correlated Sets and Operons Using 
Expression Data for E. coli
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Example #4: Network Gap AnalysisExample #4: Network Gap Analysis

TCA 
cycle

glycolysis

Biochemical 
Verification

A+B→C

Model
In silico

E

Sequence 
Comparisons

Dead End Identification

Models can be used to guide 
biological discovery.

EE

EE

EE
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Bnum EC number Published Annotation [Serres et al.] Suggested Annotation

b3718 3.1.1.17 putative isomerase gluconolactonase

b2160 2.7.1.13 putative sugar kinase dehydrogluconokinase

b2166 2.7.1.14 putative sugar kinase sedoheptulokinase

b2661
1.2.1.19; 
1.2.1.24

succinate-semialdehyde dehydrogenase I , 
NADP-dependent

aminobutyraldehyde dehydrogenase; 
succinate-semialdehyde 

b4266 1.1.1.6 5-keto-D-gluconate-5-reductase glycerol dehydrogenase.

b3003 1.1.1.6 putative oxidoreductase, NAD(P)-binding glycerol dehydrogenase.

b2137 1.1.1.5 putative oxidoreductase
acetoin dehydrogenase, Diacetyl 
reductase

b2615 2.7.1.23 ORF NAD+ kinase

b3718 3.1.1.31 putative isomerase 6-phosphogluconolactonase (Pgl)

b1511 2.7.1.47 putative sugar kinase (2nd module) D-ribulokinase

b1524 3.5.1.2 putative glutaminase glutaminase A,B

55 Putative Annotations55 Putative Annotations
Enzymes acting on 
network gaps

Enzymes in E. coli
without locus 
assignments (EcoCyc)

Metabolic model makes growth predictions for knock-out strains (86%).
Regulated metabolic model increases accuracy of predictions (91.4%).

Suggest alternate 
substrates for 
enzymesMultiple hits for 
target enzymes
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Example #5:Example #5:
Predicting complex Predicting complex 

biology;biology;
adaptive evolution adaptive evolution 

and picking optimal and picking optimal 
growth statesgrowth states
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Using Adaptive EvolutionUsing Adaptive Evolution
Biochemistry Literature

1. Metabolic reconstruction

V3

V1

V2

4.  Phenotype phase plane analysis: 
Displays all optimal 
solutions simultaneously

Cell W all

Lipids

P urines
H em e

Pyrim idines

Am ino A cids

Genomics

2. Constraints imposed
on the metabolic network

5. Whole Genome 
Directed Evolution

V3

V1

V2

Optimal Solutions3. Linear optimization to 
Find ‘best solution

Defined
Solution space

Data consistent with 
predictions of optimality
Data inconsistent with 
predictions of optimality

Line of optimality

time

Input #1

In
pu

t #
2

Evolution
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Evolving Growth Rate on Glycerol

E1-Glycerol

E2-Glycerol

0

5

10

15

20

0 5 10 15

Gl-UR

O
U

R

0

5

10

15

20

0 5 10 15

Gl-UR

O
U

R

0

5

10

15

20

0 5 10 15

Gl-UR

O
U

R 3

4

E2

E1

20

0

40

10

30

1 2

0

5

10

15

20

0 5 10 15

Gl-UR

O
U

R 3

4

E2

E1

20

0

40

10

30

1 2

Day 0 Day 0 - 40 Day 40 Day 60

A

pre during post

0

5

10

15

20

0 5 10 15

O
U

R

B

Ibarra et al, Nature 420: 186-189 (2002)

Growth 
rate

700 generations
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Genome location of glycerol metabolic and regulatory  
genes selected for re-sequencing

SEVYGQTNIIGG GKGGTRGKGGTRIPIS

SEVYGQTNIIDD GKGGTRGKGGTRIPIS

gggc

gaac

230 236
AA #

wt

mut

FBP binding loop (230-236) : IGIGGGKGGTRKGGTR

Fructose 1,6 bisphosphate (FBP) binding site on glpK

Mutation in FBP binding site 
(ggc!!!!gac)

~ 10 fold increase in activity of glpK
with mutation (G231D: GLY !!!! ASP )

``

2-3 fold decrease in inhibition by 2mM FBP on 
activity of glpK with mutation
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Example #6:Example #6:
Hypothesis Hypothesis 
generation:generation:

transcriptional transcriptional 
regulation in regulation in 

E. coliE. coli

Step one: Reconstruct 
computational model
based on available data

Initial Model

Consistent

Step two: Compare new 
observations to computa-
tional predictions

Inconsistent 

Pred
icti

on & 

Data
 Genera

tion

Iteration

Interpretation

Step three: Expand model via 
hypothesis generation

Expanded Model
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ModelModel--Centric Hypothesis GenerationCentric Hypothesis Generation

� Genome-scale 
regulatory/metabolic 
model of E. coli
� 1,008 genes

� Systematic network 
perturbation analysis
� ArcA, Fnr, ArcA/Fnr, 

AppY, OxyR, SoxS
� Generate new rules for 

model
� Hypotheses generation

A
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Iteration

Interpretation

Step three: Expand model via 
hypothesis generation

iMC1010v2

� Phenotypic Predictions
− 79% (10833/13750) accuracy

� Expression Predictions
− 98% (100/102) accuracy
− 66% (100/151) coverage

Step two: Compare new 
observations to computa-tional 
predictions

Pred
icti

on & 

Data
 Genera

tion

Gene Expression Study
� Added new rules for 78 genes
� Removed old rules for 27 genes
� Changed old rules for 10 genes
� Total of 115 changes in regulatory rules

Step one: Reconstruct 
computational model based on 
available data

iMC1010v1

� Phenotypic Predictions
− 79% (10828/13750) accuracy

� Expression Predictions
− 49% (23/47) accuracy
− 15% (23/151) coverage

ModelModel--driven driven 
hypothesis hypothesis 
generationgeneration

Covert et al, Nature (in press) 2004

110 new regulatory 
hypotheses overall
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Example #7:Example #7:
Integration of multiple data sets:Integration of multiple data sets:
periodicity in gene expression periodicity in gene expression 
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Integrating Heterogeneous DatasetsIntegrating Heterogeneous Datasets

Genomics

Transcriptomics

Proteomics

�Fluxomics�

Glyceraldehyde 3-Phosphate 
Dehydrogenase

Succinate Dehydrogenase

D-Xylose ABC Transporter

(Sdh)

(b0721  and  b0722  
and  b0723  and  

b0724)
(Sdh)

(XylF and  XylG
and  XylH)

(b3566)(b3567)(b3568)

(GapA)  or  
(GapC)

(b1779) (b1416  
and  
b1417)

GPR ASSOCIATIONS

Reaction

Protein

Gene

mRNA

Reaction

Protein

Gene

mRNA

Reaction

Protein

Gene

mRNA

LEVELS
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Integrating �Omics� DataIntegrating �Omics� Data

q = (q1 … q4290) constitutes the �transcription state� of the genome

t = (t1 … t4290) can be calculated on a per codon basis and account 
for relative tRNA abundance to give the state of the proteome

E. coli mRNAi proteini

Transcriptome
&

Half-lives

Genome Proteome

qi

i

ii
i

mk
q

]P][RNAP[
,deg=ORF usage:
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Periodicity in genome usage
�   Periodicity in E. coli expression 
of ~100  and ~600 genes
�   Appear to be distinct 6 regions 
of genome usage

Allen, et al., JBact 185:6392 (2003)

Brown, Genomes (2000)
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Topobiology of Topobiology of E. coliE. coli GenomeGenome

~0.5-1 micron

C. Woldringh, 2001
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Integration of �Omics� DataIntegration of �Omics� Data

� Simultaneous analysis of multiple �-omics� 
data sets leads to new insights

� Topobiology at the ~200 nm scale seems to 
be important

� Means of accounting for 3D structural 
constraints is needed in whole-cell 
reconstructions going forward
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ConstraintConstraint--based Modeling:based Modeling:
An Expanding FieldAn Expanding Field
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“Thirteen years of constraint-based model building of E. coli” J Bacti, May 2003

Development of the Development of the E. coliE. coli ModelModel
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(Several slides deleted due to (Several slides deleted due to 
copyright issues…)copyright issues…)
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