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Why Build Models?

(1) Organizing Disparate Information into a Coherent Whole

(2) To Think (and Calculate) Logically About What Components and

Interactions are Important in a Complex System

(3) To Discover New Strategies

(4) To Make Important Corrections in the Conventional Wisdom

(5) To Understand the Essential, Qualitative Features

–James E. Bailey

Biotechnology Progress, 14:8-20 (1998)
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ABSTRACT OF THE DISSERTATION
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by
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University of California, San Diego, 2005

Professor Bernhard Palsson, Co-Chair

Professor Shankar Subramaniam, Co-Chair

Diverse datasets, including genomic, transcriptomic, proteomic, and metabolomic

data are becoming readily available, and there is a need to integrate these datasets

within a modeling framework. Constraint-based metabolic and regulatory mod-

els of Escherichia coli have been developed and used to study the bacterium’s

metabolism and phenotypic behavior as well as analyze high-throughput data.

This work describes an updated genome-scale metabolic model of E. coli (iJR904),

which includes 904 genes, 625 metabolites, and 931 unique elementally and charge

balanced biochemical reactions. Analysis of network gaps led to putative assign-

ments for 55 ORFs. Subsequent calculation of sets of alternate optimal growth

solutions for iJR904 found that: 1) only a small subset of reactions in the network

have variable fluxes across alternate optima for a given environment, 2) sets of cor-

related reactions showed moderate agreement with the currently known transcrip-

tional regulatory structure in E. coli and available expression data, and 3) reaction

usage under different environmental conditions can provide clues about network

xvii



regulatory needs. Calculation of suboptimal flux distributions identified reactions

which are used significantly more suboptimally than optimally. An isotopomer

model containing a significant number of the metabolic reactions in iJR904 was

also generated, representing the largest such model to date. Calculation of flux

distributions from experimental GC-MS measurements showed that the calculated

flux distributions were highly dependent on the metabolic reconstruction used to

generate isotopomer models. Theoretical GC-MS data was calculated by the iso-

topomer models to evaluate experimental conditions and to identify correlated

measurements. An iterative model building algorithm was also developed to iden-

tify missing metabolic and transport activities from a reconstruction based on the

analysis of positive growth environments from high-throughput phenotyping data.

When applied to a genome-scale reconstruction of E. coli metabolism, metabolic

and transport activities were identified that if added would reconcile growth on 25

different carbon and nitrogen sources. A portion of these missing activities were

investigated experimentally, which led to the identification of three new trans-

port activities, one metabolic activity, and their associated genes. Together this

work provides detailed computational analysis of E. coli metabolic behavior and

comparisons of model results with experimental data.

xviii



Chapter 1

Models as Driving Forces of

Discovery

1.1 Systems biology

Systems biology has been defined in a number of places and this definition

tends to differ depending on who you talk to. Some people think of systems biol-

ogy as the measurement of high-throughput data at the systems level, meaning the

measurement of all biological network components and/or interactions. These data

types include DNA sequencing, gene-expression data, protein-interaction data, mu-

tant phenotyping, and a number of other recently developed technologies. Others

think of systems biology as the development of computational models that are

governed by systems of linear, non-linear, dynamic, and steady-state equations.

These two definitions are both correct, but it is really the combination

of both modeling and experimental efforts that are key to the field of systems bi-

ology. The International Conference on Systems Biology, has defined the systems

biology as ”the quantitative study of biological processes as whole systems instead

of isolated parts, characterized by a synergistic integration of theory, computation,

and experiment.” The goal of systems biology is then ”the construction and ex-

perimental validation of models that explain and predict the behavior of biological

1
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systems” [75]. It is this definition that I feel captures the essence of systems

biology, where modeling and experimental efforts are equally as important in the

study and analysis of biological systems.

Both experimental efforts and computational efforts are needed to un-

derstand and predict cellular behaviors. Computational efforts need to be able to

account for a number of different data types relevant to the system of interest.

For example, models of transcriptional regulation should be able to integrate and

reconcile both high-throughput (DNA sequencing, gene-expression measurements,

ChIP-Chip data of transcription factor binding sites) and low-throughput exper-

imental data types. Most of this dissertation involves the study of metabolism

in Escherichia coli through the generation of in silico metabolic models and their

subsequent analysis and reconciliation with experimental data.

1.2 Network reconstructions and mathematical models

A network reconstruction integrates data from multiple sources to provide

a detailed representation of networks components and their interactions. In bio-

logical networks the components include genes, proteins, RNA, and metabolites.

Information about the individual components and their interactions can be derived

from high-throughput data types (genomic data, proteomic data, metabolomic

data, and transcriptomic data) and from primary literature and on-line databases.

Network reconstruction is the first step in the generation of mathematical models,

either dynamic or steady-state. These network reconstructions can be represented

textually, graphically and/or mathematically; example representations for the re-

construction of the glycolytic pathway are shown in Figure 1.1. A model differs

from a reconstruction in that it introduces variables related by a system of equa-

tions; for metabolic models these variables are often metabolite concentrations or

fluxes through metabolic reactions.

Models of biological networks have appeared for metabolism, regulation,
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HEX1 PGI PFK FBA TPI GAPD PGK PGM ENO PYK
atp -1 0 -1 0 0 0 1 0 0 1
glc -1 0 0 0 0 0 0 0 0 0
adp 1 0 1 0 0 0 -1 0 0 -1
g6p 1 -1 0 0 0 0 0 0 0 0
h 1 0 1 0 0 1 0 0 0 -1

f6p 0 1 -1 0 0 0 0 0 0 0
fdp 0 0 1 -1 0 0 0 0 0 0

dhap 0 0 0 1 -1 0 0 0 0 0
g3p 0 0 0 1 1 -1 0 0 0 0
nad 0 0 0 0 0 -1 0 0 0 0
pi 0 0 0 0 0 -1 0 0 0 0

13dpg 0 0 0 0 0 1 -1 0 0 0
nadh 0 0 0 0 0 1 0 0 0 0
3pg 0 0 0 0 0 0 1 -1 0 0
2pg 0 0 0 0 0 0 0 1 -1 0
pep 0 0 0 0 0 0 0 0 1 -1
h2o 0 0 0 0 0 0 0 0 1 0
pyr 0 0 0 0 0 0 0 0 0 1

fbaA,fbaBfdp↔ dhap + g3pFBA

pykA,pykFadp + h + pep → atp + pyrPYK
eno2pg ↔ h2o + pepENO
gpmA,gpmB3pg ↔ 2pgPGM
pgk13dpg + adp ↔ 3pg + atpPGK
gapA,gapC_1,gapC_2g3p + nad + pi ↔ 13dpg + h + nadhGAPD
tpiAdhap ↔ g3pTPI

pfkA,pfkBatp + f6p → adp + fdp + hPFK
pgig6p ↔ f6pPGI
glkglc +atp → g6p + adpHEX1
GenesGlycolytic ReactionsAbbr.

BOOLEAN GPR ASSOCIATIONS
PYK:    IF pykA OR pykF
ENO:    IF eno
GAPD: IF gapA OR (gapC_1 AND gapC_2)

Glycolysis

Textual Representation of Reaction Network

Mathematical Representation of Reactions

Graphical Representation of 
Reaction Network

Figure 1.1: Reconstructions of Metabolic Networks. A metabolic reconstruction can be repre-
sented textually by a list of charge and elementally balanced reactions metabolic reactions and
their associated genes. It can also be represented graphically in the form of a metabolic map.
For modeling purposes a mathematical representation is useful, and can take a matrix formalism,
where each row corresponds to a metabolite and each column to a reaction. The individual ele-
ments of the matrix correspond to the stoichiometric coefficients, so element S(i,j) corresponds
to the stoichiometric coefficient for metabolite i in reaction j. Connections between genes and
reactions can be represented as gene-protein-reaction (GPR) associations by using Boolean rules
or visualized using graphic images. In the GPR images shown above the first level (teal) corre-
sponds to gene loci, second level (pink) to peptides, third level (orange) to functional proteins,
and fourth level (blue) to reactions.
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signalling, transcription and translation, cell division and the cell cycle, chemo-

taxis, organism development, and a number of other cellular processes. James

Bailey described five reasons for building models of biological systems: (1) to or-

ganize information into a coherent whole, (2) to think (and calculate) logically

about what components and interactions are important in a complex system, (3)

to discover new strategies, (4) to make important corrections in the conventional

wisdom, and (5) to understand the essential, qualitative features [9]. All of these

reasons are important and drive the development of models and modeling method-

ologies to study these biological systems.

In the aerospace industry models are extensively used for the design and

development of new airplanes. In biological systems there still remains a significant

amount of noise and biological uncertainty. While the field of biology has provided

us with a good understanding of biological systems (components and interactions)

all of the biological details have not been worked out and there is still a lot to learn

about these biological systems. Iterative model building methods have begun to

appear where models have been used not only to describe observable systemic be-

havior but also to generate hypotheses about new components and/or interactions

that can not be explained by the current knowledge regarding the system being

studied [76, 33]. These iterative methods will lead to a transition where models are

used not only to explain cellular behavior but to drive biological discovery. This

will lead to a shift, where the inaccuracies of a model are more interesting than

correct model predictions.

1.3 Dissertation outline

This dissertation focuses on the study of metabolism, and in some cases

the regulatory network, in a well studied and highly characterized organism, E.

coli. The advantage of studying this organism is first that there is a lot of infor-

mation about its metabolic capabilities, second that a large number of research
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-1 0 0 0 0 0 0 0 0
1 0 1 0 0 0 -1 0 0
1 -1 0 0 0 0 0 0 0
1 0 1 0 0 1 0 0 0
0 1 -1 0 0 0 0 0 0
0 0 1 -1 0 0 0 0 0
0 0 0 1 -1 0 0 0 0
0 0 0 1 1 -1 0 0 0
0 0 0 0 0 -1 0 0 0
0 0 0 0 0 -1 0 0 0
0 0 0 0 0 1 -1 0 0
0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 1 -1 0
0 0 0 0 0 0 0 1 -1
0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0 0

Figure 2. Iterative Model Building
IN SILICO
MODEL

EXPERIMENTAL
MEASUREMENTS

Figure 2. Model-Guided Network Expansion.  By comparing model predictions with 
experimental data consistencies and inconsistencies can be identified.  The consistencies can 
aide in the interpretation of data.  The inconsistencies can be used to generate hypothesis about 
the organism, either by the identification or elimination of components or component 
interactions.  The iterative process of model development, through comparison with 
experimental data will not only lead to improved models but will also expand our knowledge of 
the networks and organisms being studied.

Interpretation

Experiment
Model
Experiment
Model

Experiment
Model
Experiment
Model

INCONSISTENCIES

CONSISTENCIES

Can be used to 
design 
experiments and 
update
the model

Can be used to 
help 
interpret 
experimental
observations

&

Model
Improvement &

Refinement

Experimental 
Design

Comparisons:
Model vs. Experiment

eg. Minimal Media
WT and ∆ Growth Capabilities

Gene Expression

Figure 1.2: Iterative Model Building. By comparing model predictions with experimental data
consistencies and inconsistencies can be identified. The consistencies can provide insights to
aide in the interpretation of experimental data. The inconsistencies can be used to generate
hypothesis about the organism, either by the addition or elimination of components or component
interactions. These hypothesis can be simulated by modifying the current model and can be tested
through experimental design. The iterative process of model development, through comparison
with experimental data, will not only lead to improved models but will also expand our knowledge
of the metabolic, regulatory, and signalling networks of the organism being studied.
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groups around the world are studying this bacteria and generating a wide range of

experimental data, and third that the genomic content of the organism can easily

be modified to study the effects of perturbations on the system. Two closely re-

lated modeling approaches were utilized to study metabolic states in E. coli, flux

balance analysis and isotopomer modeling. The following is a brief description of

the content in the subsequent chapters.

Chapter two describes the constraint-based modeling methodology and

describes a number of analytical methods for predicting cellular behavior or phe-

notypes. Most of the methods involve optimization of some linear or non-linear

objective function subject to linear constraints. The predicted phenotypes include

cellular growth rates, by-product secretion profiles, intracellular metabolic flux

distributions, and changes in gene-expression.

Chapter three describes the constraint-based models that have been built

over the past fifteen years for Escherichia coli. These include models of metabolism

and regulation. Sequencing of the E. coli genome lead to the rapid expansion of

the models to include nearly 1,000 metabolic genes and 100 transcripion factors.

Most of the methods presented in chapter two have been applied to the various

E. coli models. Descriptions of the models are provided in this chapter as well as

results from studies of these models using constraint-based methods.

Chapter four describes an updated genome-scale model of E. coli which is

based on the re-annotation of the E. coli genome in 2001. This expanded metabolic

model includes 904 genes and 931 unique biochemical reactions, nearly 50% more

genes and reactions than the previously published model. This new model has a

number of new capabilities including growth predictions for a variety of new carbon

sources, intracellular proton and water balancing leading to media pH predictions,

and new optimal growth patterns.

Chapter five contains results from the analysis of optimal and subop-

timal growth patterns predicted by the model described in Chapter three. All

allowable single carbon source environments were simulated for aerobic and anaer-
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obic growth. Gene products that are always used together to generate metabolic

flux distibutions were identified and compared to the known operon structure and

genetic regulation in E. coli as well as gene-expression data.

Chapter six is a review of isotopomer modeling methods. Isotopomer

models track individual carbon atoms through metabolic reactions and can be used

to calculate flux distributions based on experimental measurements regarding the

location of 13C atoms in intracellular metabolites.

Chapter seven describes the content of two isotopomer models that were

built for E. coli metabolism; one that contains the central metabolic reactions

and another that includes the central metabolic reactions and the biosynthetic

reactions. This chapter shows how sensitive the calculated flux distributions are

to changes in the metabolic reconstructions used to generate the models and to

changes in optimality criteria. The chapter also looks at studying the space of

theoretical MDV values using a sampling approach to investigate experimental

design strategies and correlations between experimental measurements.

Chapter eight further analyzes the metabolic model, described in Chapter

three, by comparing predicted allowable carbon and nitrogen sources to experimen-

tally validated carbon and nitrogen sources. Environmental conditions that do not

support growth experimentally but do computationally indicate reactions that ei-

ther do not occur in the organism or whose enzymes are not sufficiently expressed

under the corresponding growth environment. Environmental conditions that sup-

port growth experimentally but not computationally indicate that metabolic re-

actions are missing from the metabolic model. An algorithm was developed to

predict missing metabolic and transport reactions leading to new predictions for

gene functionalities. A number of these hypotheses were further tested by studying

wildtype and mutant growth phenotypes of E. coli.



8

1.4 Terminology and definitions

anabolic reactions: metabolic reactions involving the biosynthesis of larger

molecules such as amino acids and nucleotides (also referred to as biosynthesis or

biosynthetic reactions).

catabolic reactions: metabolic reactions involving the degradation of com-

pounds into central intermediates generating energy

constraint-based model: a model whose equations are a series of physical

and chemical constraints that define a solution space.

exchange fluxes: these are fluxes through exchange reactions that allow

extracellular metabolites to cross the system boundary.

flux balance analysis: a specific type of constraint-based method, where

a flux (or linear combination of fluxes) is used as an objective function to select a

single optimal solution.

flux variability: a type of constraint-based method, where the minimum

and maximum flux values through a reaction are calculated given a set of con-

straints.

futile cycle: a series of reactions where the net effect is the dissipation of

energy.

isotopomer: derived from isotope and isomer, to denote metabolites which

differ in the number and position of labeled atoms such as 13C. For example,

pyruvate with a single 13C at the first carbon atom is a different isotopomer than

pyruvate with a single 13C at the second carbon atom.

isotopomer model: a model consisting of non-linear equations that can be

used to calculate intracellular flux distributions given experimental measurements

regarding the relative abundances of isotopomers.

linear programming: optimization where the constraints and objective

function are linear equations and the variables are real numbers.

mixed integer linear programming: optimization where the constraints
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and objective function are linear equations and some or all of the variables are

integers.

ortholog: genes from different organisms that share sequence homology

due to a shared ancestral gene.

phenotype: the observable cellular behavior, in the context of this disser-

tation usually refers to the growth rates, nutrient uptake rates, and by-product

secretion rates.

phenotypic phase planes: a constraint-based method where the solution

space is projected into two or three flux variables.

The text of this chapter, in part, is a reprint of the material as it appears in J.L.

Reed, I. Famili, I. Thiele, and B.Ø. Palsson. 2005. Towards multidimensional

genome annotations. Nat. Reviews Genet., under review. I was the primary

author of the publication and the co-authors participated and/or supervised the

research which forms the basis for this chapter.



Chapter 2

Constraint-Based Modeling

Methods

Modern modeling approaches in biology need to be easily scalable and

able to integrate available ”omics” data [111] that may contain tens of thousands

of measurements. A constraint-based modeling approach [164, 17, 44, 126] meets

these criteria and at present is the only methodology by which genome-scale models

have been constructed. The few parameters used in a constraint-based framework

enables models to be built quickly and to encompass a larger portion of biochemical

reaction networks than currently achievable by other modeling methodologies. To

date constraint-based models account for the largest metabolic models in terms of

genes and reactions and have proven to be predictive of some data types, including

phenomic [43, 74, 165, 55, 33], qualitative transcriptomic data [30, 33] and knockout

data [41, 30, 146, 59, 40, 33, 55]. Constraint-based models have been built for Es-

cherichia coli [93, 161, 163, 90, 123, 124, 41, 136, 150, 30, 33] Haemophilus influen-

zae [47, 134], Helicobacter pylori [137] Saccharomyces cerevisiae [25, 58], Methy-

lobacterium extorquens [159], Aspergillus niger [37],Plasmodicum falciparum [175],

Mannheimia succiniproducens [71], Staphylococcus aureus [13], Methanococcus jan-

naschii [157], Mus musculus [148], and more models are expected to emerge soon,

including a human metabolic reconstruction.

10
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2.1 Principles of constraint-based modeling

Reviews that detail the constraint-based modeling procedure have ap-

peared [164, 17, 44, 126, 46]. While kinetic models may ultimately give detailed

understanding of integrated cellular functions, they are limited by the current avail-

ability of the information needed to construct them and by the fact in vivo and in

vitro kinetic constants can differ and that kinetic constants can vary over evolution-

ary time. The constraint-based modeling procedure does not strive to find a single

solution, but rather a collection of all allowable solutions to the governing equa-

tions that can be defined. Solutions that violate any of the imposed constraints are

excluded from the collection that mathematically is called a solution space. The

subsequent application of additional constraints further reduces the solution space

and, consequently, reduces the number of allowable solutions a cell can utilize. The

constraints that have been used in the first generation of constraint-based models

include stoichiometric (mass balance), thermodynamic (regarding the reversibil-

ity of a reaction), and enzymatic capacity (using an appropriate vmax value, see

comments below).

During the reconstruction of a metabolic reaction network a stoichiomet-

ric matrix, S(m x n), is generated where m is the number of metabolites and n the

number of reactions. Each column of S corresponds to an individual reaction and

each row of S corresponds to a different metabolite. The stoichiometric coefficients

of a reaction are then represented as elements in column (i.e. Sij corresponds to

the stoichiometric coefficient of the ith metabolite in the jth reaction). A mass

balance equation can be written for each metabolite by taking the dot product of

a row in S, corresponding to a particular metabolite, and a vector, v, containing

the flux values through all reactions in the network. A system of mass balance

equations for all the metabolites can be represented as follows:

dX

dt
= S · v (2.1)

where X is a concentration vector of length m, and v is a flux vector of length
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n. At steady-state, the time derivatives of metabolite concentrations are zero, and

equation (2.1) can be simplified to:

S · v = 0 (2.2)

It follows that in order for a flux vector v to satisfy this relationship, the rate of

production must equal the rate of consumption for each metabolite. Application of

additional constraints, including enzyme capacity and thermodynamic constraints,

further reduces the number of allowable flux distributions, v.

Limits on the range of individual flux values can further reduce the num-

ber of allowable solutions. These constraints have the form:

vmin ≤ v ≤ vmax (2.3)

where vmin and vmax are the lower and upper limits respectively. Maximum flux

values (vmax) can be estimated based on enzymatic capacity limitations or can

be set given environmental conditions using measured uptake rates. For most

metabolic reactions the maximal values are implemented as 1030, while the ex-

change fluxes, which allow metabolites to enter and exit the system boundary, are

generally constrained by the measured uptake and secretion rates.

Thermodynamic constraints, regarding the reversibility or irreversibility

of a reaction, can also be applied. If a reaction is irreversible the vmin,j for the

corresponding flux is given a value of zero. For reversible reactions the vmin,j

values are generally implemented as −1030, or for exchange fluxes constrained by

the measured uptake rates. A more systematic representation of thermodynamic

constraints has appeared [12, 125].

These three types of constraints define a convex solution space of feasible

steady-state flux distributions through the metabolic network (Figure 2.1). Dif-

ferent techniques exist under the constraint-based modeling framework that iden-

tify and characterize these steady-state flux distributions, including: flux balance

analysis (FBA) [164, 17, 44, 126, 46], extreme pathway analysis (ExPA) [114, 135],
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and elementary mode analysis (EMA) [114, 143, 144]. A large number of other

methods have been developed to characterize the solution space defined by the

network and the applied constraints and these methods are discussed in the re-

maining sections of this chapter. Most of these constraint-based methods were

recently reviewed [126].

Application of
Constraints

1) S · v = 0
2) α < vi < β

Allowable 
Solution Space

Genomics, Physiology
and  Biochemistry

Network 
Reconstruction

Figure 2.1: Constraints Define a Solution Space. A metabolic reconstruction is used to generate
stoichiometric, thermodynamic, and enzyme capacity constraints that together define a convex
steady-state solution space of metabolic fluxes. A number of methods are available to analyze
the solution space.

2.2 Characterizing the solution space

The methods described in this section involve characterizing all (or a rep-

resentative sample of) the feasible steady-state flux distributions. These methods

include the calculation of network-based pathways, sampling of the steady-state

flux space, and flux coupling analysis and are depicted in Figure 2.2.

2.2.1 Network-based pathways

Extreme pathways and elementary modes represent sets of vectors that

describe the solution space and are themselves biochemically valid flux distribu-

tions through a defined metabolic network(Figure 2.2). The calculation of ele-
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Random Sampling Flux Coupling
vi / vj
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Directionally 
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Network-Based Pathways
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Figure 2.2: Constraint-Based Methods that Characterize the Whole Solution Space. Extreme
pathways (ExPAs or EP) and elementary modes are two types of mathematically defined path-
ways that can be used to describe all possible steady-state flux distributions. A single steady-state
flux distribution can be described as an linear combination of extreme pathways. This decompo-
sition in to the extreme pathways is often non-unique, leading to a range of possible weightings
(α), which is referred to as the α-spectrum [170]. Random sampling can also be carried out to get
a uniform sampling of the steady-state flux space. Flux coupling analysis, where the minimum
and maximum ratios between two fluxes are calculated, can also be used to study how fluxes in
a network are related to one another.
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mentary modes and extreme pathways has been described elsewhere [143, 135].

Elementary modes are unique vectors that characterize the solution space. An

elementary mode is defined as a ”minimal set of enzymes that could operate at

steady-state with all irreversible reactions proceeding in the appropriate direc-

tion” [144]. Extreme pathways are related to elementary modes and correspond

directly to the edges of the convex solution space. Both approaches have been

applied to core metabolic networks of E. coli as well as other organisms. Positive

linear combinations of these vectors can be used to generate any valid steady state

flux solution under the governing constraints. These analysis methods can be com-

putationally challenging when being applied to large metabolic networks [83] so

other methods are needed to characterize the solution space.

2.2.2 Sampling

Sampling of the solution space has been carried out using either a hit

and run algorithm [2], monte-carlo random sampling [171], a parallelpiped uni-

form sampling method [127], or a random walk (artificial centering hit and run)

algorithm [155]. With adequate sampling, a uniform set of possible steady state

flux distributions can be calculated and used to study properties of the solution

space (see Figure 2.2).

2.2.3 Flux coupling

Correlations between fluxes have been investigated by looking at the ex-

treme pathways [134] as well as sampled flux distributions [127]. In these analyses

correlated reaction sets were identified as sets of reactions where a non-zero flux in

one reaction implies a non-zero flux in all the other reactions in a set. Given the

computational challenges and time involved in calculating extreme pathways and

sampled flux distributions for genome-scale metabolic networks a linear program-

ming method was developed to identify different types of correlated reactions [23].

This method, called flux coupling analysis, can be used to identify correlated re-
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action sets (called perfectly coupled reaction sets in the paper), partially coupled

fluxes, and directionally coupled fluxes (Figure 2.2).

2.3 Optimal phenotypes

The methods described in this section use linear optimization to identify

optimal flux distributions and to study the sensitivity of these flux distributions

to changes in individual flux values (Figure 2.3).

2.3.1 Optimal flux distributions

Linear optimization has been extensively used to find a particular solu-

tion within the allowable solution space that maximizes or minimizes an objective

function (Z). The objective function can be used to explore the content of a solution

space, determine capabilities (such as optimal metabolic by-product yields), or to

guess at likely phenotypic functions. Flux balance analysis (FBA) maximizes or

minimizes an objective function to identify a single optimal solution in the solution

space. This method has been the focus of a number of reviews [164, 17, 44, 126, 46].

Some commonly used objective functions include: the production of ATP, the

production of a desired by-product, or growth rate (as defined by the weighted

consumption of metabolites needed to make biomass).

There are, however, often multiple flux distributions that are equally op-

timal (value of the objective function is the same) giving rise to the concept of

multiple alternate optima [88, 92]. The existence of such multiple optima would

correspond to the biological notion of silent phenotypes [128], i.e. the same ob-

served overall cellular function is achieved with different uses of underlying reaction

networks [54]. Mixed-integer linear programming (MILP) has been used to enu-

merate alternate optima for small metabolic networks, where the objective function

takes on the same value but the flux distributions through the metabolic network

are different [88, 120]. In genome-scale networks a large number of network re-
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Figure 2.3: Constraint-Based Methods Using Linear Optimization. Given a stated objective
function, flux distributions in the allowable solution space can be identified that maximize (or
minimize) a linear objective function. Flux balance analysis is used to calculate single optimal
solutions, however, there can often be alternate optimal solutions. A MILP based method can
be used to calculate the alternate optima. Flux variability analysis can be used to study the
alternate optima, by finding the range of flux values across the optimal solutions. Robustness
and phenotypic phase plane analysis can be used to investigate the sensitivity of the optimal
objective to changes in flux variables.
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dundancies exist [92] creating computational challenges in calculating all alternate

optima. One approach to explore the range of optimal solutions is to fix growth

rate and then calculate the minimum and maximum flux values through each re-

action in the network (referred to as ’flux variability analysis’) [92] (Figure 2.3).

Flux variability analysis was initially used to study alternate optima, but it can

also be used to characterize all solutions as well.

2.3.2 Robustness

Robustness analysis is used to evaluate how changes in a particular flux

affect the calculated maximum objective value [162, 42] (Figure 2.3). Given an

optimal flux distribution, a flux value can be increased or decreased from its current

value by changing the appropriate vmin and vmax elements (Equation 2.3) and

calculating a new optimal solution. If the objective function is being maximized,

this new objective value will always be less than or equal to the original optimal

objective value. A special type of robustness analysis, phenotypic phase plane

analysis, involves evaluating the sensitivity of the objective function to changes in

two fluxes, and is described in the next section.

2.3.3 Phenotypic phase planes

Phenotypic phase plane (PhPP) analysis was developed to generate a

global view of the optimality properties of a network [47, 45, 136]. The phenotypic

phase plane is constructed from a large number of individual optimal solutions

and gives an overall view of the optimality properties of the network. PhPPs are

used to show all possible quantitative flux distributions through a network while

varying two fluxes. In most cases, phase planes were calculated by varying two

substrate uptake rates. Phase planes can also be defined as the projection of the

solution space into two or three dimensions [136].

The phase planes can be viewed in 2D where the variable fluxes are on

the x and y axis or 3D where the z axis corresponds to the value of the objective
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function. Phase planes are split up into different regions which have qualitatively

different flux distributions that translate to different metabolic phenotypes. One

important feature of the PhPP is the line of optimality (LO). Points that lie on

the LO optimize the objective function for a given substrate uptake rate. If the

cell is operating along the LO that is calculated when the growth rate is used as

the objective function, the cell is growing with a maximal biomass yield.

2.4 Mutant phenotypes

A number of methods have been developed to study the effects of gene

deletions on overall network function, and these are described in the following two

sections (Figure 2.4). In all cases, if a gene is deleted then the fluxes through the

associated reactions are constrained to be zero. A gene deletion often results in the

reduction of the steady state solution space, unless isozymes or equivalent reaction

sets are present in the network.

Gene Deletions 

a:  Wildtype (FBA)
b:  Knockout (FBA)
c:  Knockout (MoMA)
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Figure 2.4: Constraint-Based Methods for Studying Mutants.

2.4.1 Gene deletions

There are currently three methods for predicting phenotypic behaviors of

gene deletion strains: FBA, MoMA, and ROOM. With FBA, linear optimization
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is carried out as before the same as before but in the reduced mutant solution

space [47]. Both MoMA and ROOM require an initial wildtype flux distribution,

which is calculated using FBA for the wildtype metabolic network. MoMA, mini-

mization of metabolic adjustment, uses non-linear optimization to find a flux dis-

tribution in the knockout solution space that is the closest (measured as the euclid-

ean distance) to the wildtype flux distribution calculated by FBA [146]. ROOM,

regulatory on/off minimization, uses mixed-integer linear programming to find a

flux distribution in the knockout solution space that requires the least number of

significant changes in metabolic fluxes from the wildtype flux distribution [149].

2.4.2 Strain designs

While the previous section described methods for predicting mutant phe-

notypes, this section describes algorithms for identifying which gene deletions or

additions are needed in order to get a desired phenotype. OptKnock, is a bi-level

optimization algorithm that identifies genes which need to be deleted so that an

increase in objective function, such as growth rate, is always accompanied with an

increase in the secretion of a desired by-product [22]. This algorithm has direct

applications in metabolic engineering, since it can be used to design strains that

produce a metabolite of interest. OptKnock was used to design lactate producing

Escherichia coli strains that an showed increase in lactate production over adap-

tive evolution [56]. OptStrain, is a variant of OptKnock, but it first evaluates if

any metabolic genes needed to be added to the organism in order to make the

desired metabolite and then uses the OptKnock algorithm to identify subsequent

deletions [122]. Other strain designs have been designed by using elementary mode

analysis as described above [90, 25].

The text of this chapter, in part, is a reprint of the material as it appears in J.L.

Reed and B.O. Palsson. 2003. Thirteen years of building constraint-based in silico

models of Escherichia coli. Journal of Bacteriology, 185:2692-2699. I was the
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primary author of the publication and the co-author participated and supervised

the research which forms the basis for this chapter.



Chapter 3

More than a Decades Worth of

Constraint-Based Escherichia coli

Models

Escherichia coli is a well studied organism, and much is known about its

metabolism, regulation, and physiology. Constraint-based models of E. coli have

been under development for the past fifteen years. The continual growth in size and

scope of constraint-based E. coli models (Figure 3.1) illustrates the iterative nature

of in silico model building and how such models expand in scope and completeness

over time. While many modeling approaches have been used to study E. coli

[5, 39, 158, 173] this chapter focuses on the development of successive constraint-

based models that have been formulated to describe the metabolic network of

E. coli and to summarize the models’ abilities to predict or explain phenotypic

behavior. Most of the individual constraint-based methods described in Chapter

2 have been used to study E. coli metabolic and regulatory networks. The sizes

of the metabolic networks used to model E. coli metabolism using flux balance

analysis have expanded over time from 14 to 932 metabolic reactions [93, 130]

(Table 3.1). The principles that have been developed and experiences gained from

modeling E. coli can be directly applied to modeling other organisms.

22
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Figure 3.1: Successive Development of Constraint-Based Models of E. coli. Constraint-based
models of E. coli first focused on metabolism. By the time the complete genome was sequenced
(1997), only 26% of metabolic genes were accounted for in constraint-based models. Over the
next five years this number has grown to include nearly 80% of the metabolic genes. Methods
for incorporating transcriptional regulation have been developed and implemented in a core
metabolic model of E. coli, as well as methods for including protein synthesis. Expanding the
regulatory and protein synthesis models to a genome-scale can be accomplished using information
that is known today (indicated by dotted lines). Further gene annotations will increase the size
of models (dashed lines). The following symbols refer to different references: (a) [15]; (b) [147];
(c) [93]; (d) [161, 163]; (e) [123, 124]; (f) [41]; (g) [29]; (h) [30]; (i) [1]; (j) [130]; (k) [33].
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Table 3.1: Constraint-based models of E. coli metabolism. Sizes of metabolic and regulatory
constraint-based models of E. coli.

Authors Year(s) No. of No. of References
Reactions Metabolites

Majewski and Domach 1990 14 17 [93]
Varma and Palsson 1993-1995 146 118 [161, 163]
Liao et. al. 1996 28 20 [90]
Pramanik and Keasling 1997-1998 300(317) 289(305) [123, 124]
Edwards and Palsson 2000 720 436 [41]
Schilling et. al. 2000 78 53 [136]
Covert and Palsson 2002 113 77 [30]
Stelling et. al. 2002 110 89 [150]
Reed et. al. 2003 931 625 [130]
Covert et. al. 2004 932 626 [33]

The construction of constraint-based models is iterative in nature (Fig-

ure 3.1), and while correct predictions are desirable, the incorrect predictions are

the ones that lead to iterative refinement of the models [110]. Over the past fifteen

years the constraint-based modeling approach has been used to study, explain and

predict the phenotypic behavior of E. coli. The individual models can be char-

acterized by the type of analysis performed and by the time frame in which they

were developed.

3.1 Network based pathway models

A representation of E. coli’s central metabolic network was constructed

and analyzed using elementary mode analysis [90] in the mid 90’s. For this study

elementary modes that produce 3-deoxy-D-arabino-heptulosonate-7-phosphate, a

precursor to the aromatic amino acids, and/or ATP were calculated, with xylose

or glucose as carbon sources. In the case when glucose is the carbon source, all

possible steady-state flux distributions (ie. obeys stoichiometric and thermody-

namic constraints) could be written as the sum of eleven calculated elementary

modes. Examination of the properties of the calculated elementary modes, such
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as 3-deoxy-D-arabino-heptulosonate-7-phosphate yields, provided insights into ex-

perimental results [90].

The extreme pathways for a larger network containing 78 reactions and

53 metabolites were calculated for growth on two different carbon sources, glucose

and succinate. The extreme pathway vectors calculated, for the condition when the

biomass precursors are included in the network as a growth reaction, were corre-

lated to results from flux balance analysis when the growth is used as the objective

function [136]. More recently, the elementary modes in a larger representation of

E. coli’s metabolic network (containing 110 reactions and 89 metabolites) were

calculated and analyzed [150]. In this study five different carbon sources were

used, and again a reaction representing the drain of metabolic precursors need for

growth was added to the network. Elementary mode analysis was used to deter-

mine which genes (out of 90) were essential for growth; a reported 90% of their

predictions agreed with experimental data when phenotypes are classified as either

growth or no-growth. The number of elementary modes varied depending on car-

bon source ranging from 598 when acetate is the carbon source up to 27,099 for

glucose. The modes were further analyzed to identify which enzymes would most

likely be regulated for changing growth conditions (ie. different carbon sources). A

good correlation between regulatory predictions and measured mRNA expression

data was also found [150].

The metabolic networks studied using elementary mode or extreme path-

way analysis are smaller in size as compared to networks studied with flux balance

analysis. This limitation is due to the computational complexity associated with

calculating these vectors and not from limitations on known reaction stoichiometry

[83]. The direct determination of optimality properties can be achieved using opti-

mization procedures circumventing the exhaustive enumeration of all the ExPA or

EMA. Linear programming has been using extensively to determine the optimality

properties of reconstructed E. coli networks and these models are described in the

remaining sections of this chapter.
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3.2 Pregenome era models

3.2.1 Initial model of core metabolism

In 1990, Majewski and Domach formulated an FBA model that included

14 metabolic reactions (TCA cycle, partial glycolysis, and respiratory chain) and

four ”load” fluxes that served as drains for the metabolic precursors needed for cell

growth (oxaloacetate, α-ketoglutarate (αKG), pyruvate, and acetyl-CoA) [93]. In

their analysis the production of high energy phosphate bonds on ATP and GTP

was used as the objective function.

They studied the optimal behavior of the metabolic network under two

different constraints: enzymatic capacity constraints and electron transport chain

constraints. Both constraints placed an upper limit on the value for fluxes through

different reactions in the network. By maximizing the utilization of the network

for the production of high energy phosphate bonds under either an enzymatic con-

straint (αKG dehydrogenase) or an electron transport chain capacity constraint,

equations describing the onset of acetate overflow and the rate of acetate pro-

duction could be derived. The experimentally determined secretion patterns for

acetate overflow in E. coli agreed with the network operating under enzymatic

capacity constraints [93]. The model led to the conclusion that the electron trans-

port chain capacity is a constraint only when growth rates approach the maximum

achievable growth rate [93].

3.2.2 Model built on Neidhardt’s compendium

Varma’s reconstruction of E. coli’s metabolic network contained both an-

abolic and catabolic reactions based on literature information [99, 100]. The

model contained 52 catabolic reactions and 94 biosynthetic reactions that produce

the amino acids, nucleic acids, and cell membrane/cell wall constituents found

in cell biomass [161, 163]. Several network properties were calculated from this

model, such as: optimal production of cofactors (ATP, NADPH, NADH) [161],
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optimal production of metabolic precursors (such as pyruvate or succinate) [161],

maximal theoretical yields for amino acid and nucleic acid production [163], eval-

uation of constraints (energy, redox, or stoichiometric) that restrict production of

metabolites or cofactors [161], as well as optimal flux distributions for biomass

production [162]. Model predictions agreed with experimental results when E. coli

was grown on glucose minimal medium under aerobic and anaerobic conditions and

if the metabolic network was optimized for the production of biomass constituents

[165]. Sensitivity analysis of the predicted growth rate with respect to the biomass

composition was conducted, and it was found that the sensitivity of the biomass

yield to changes in metabolite requirements was low [162].

3.2.3 Effects of growth rate-dependent biomass composition

Pramanik’s metabolic network was an expansion of Varma’s model and

consisted of 300 reactions and 289 metabolites (an additional 17 reactions and

16 metabolites were added later) [123, 124]. The biomass composition of E. coli

varies with carbon source and growth rate [102]. Varma’s model had used a fixed

biomass composition based on literature data, while Pramanik’s model used de-

rived equations relating growth rate to biomass requirements, allowing for changes

in biomass composition in a growth-rate dependent manner [123].

To analyze the accuracy of the model, 13 experimentally measured flux

values [169] were compared to fluxes calculated using their model [123]. Three ex-

perimental conditions were examined: anaerobic growth on glucose, aerobic growth

on acetate, and aerobic growth on acetate plus glucose. For aerobic growth on

acetate plus glucose the average difference between experimental measurements

and model predictions was 16%. Similar results were found for aerobic growth

on acetate (17%). No experimental flux values were available for comparison for

the anaerobic glucose case, but a branched TCA cycle had been observed experi-

mentally (an oxidative branch producing αKG and a reductive branch producing

succinyl-CoA) [34]; the model’s prediction agreed with this observation. Further
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analysis of the model also indicated that the predicted flux values were sensitive to

biomass composition [123, 124]. Other studies have been conducted using slight

modifications of Pramanik’s model to investigate the effects of large scale gene

deletions or additions [19], and to calculate a minimal gene set [20].

3.3 Postgenome era models

3.3.1 Finally, a genome-scale model

The complete genome for E. coli K-12 MG1655 was sequenced and anno-

tated in 1997 [15], providing a parts list of the cell. The genomic data allows for

a systematic assessment of the capabilities of the organism, in addition genes en-

coding metabolic enzymes not yet biochemically characterized can be included in

a model based on sequence similarity. For less studied organisms the genome plays

a more significant role in network reconstruction where many of the enzymes are

assigned based on sequence homology and awaiting biochemical characterization.

In the case of E. coli, the genomic information, coupled with physiological and

biochemical literature [28], enabled the construction of a genome-scale metabolic

model describing the E. coli metabolic network [41].

The Edwards’ model included 720 reactions and 436 metabolites involved

in glycolysis, TCA cycle, pentose-phosphate pathway, respiration, anaplerotic reac-

tions, fermentative reactions, amino acid biosynthesis and degradation, nucleotide

biosynthesis and inter-conversions, fatty acid biosynthesis and degradation, phos-

pholipid biosynthesis, cofactor biosynthesis, and metabolite transport. This model

was validated against mutant data [41, 146, 149], used to design quantitative ex-

periments [43, 74], and found to predict the outcome of adaptive evolution [74].

Edward’s model has recently been studied using energy balance analysis [12],

sampling methods [2] and flux coupling analysis [23]. The model has also been

used to design strains for the production of succinate, lactate, 1,2 propanediol and

amino acids using the OptKnock algorithm [22, 121].
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The results from in silico gene deletion studies were compared with growth

data from known mutants. The in vivo growth characteristics of a series of E. coli

mutants on several different carbon sources were examined and compared to the in

silico deletion results. From this analysis, 68 out of 79 cases, or 86%, of the in silico

predictions were consistent with the experimental observations [41]. Another study

compared mutant predictions using FBA and MoMA, finding that MoMA provided

more accurate results with respect to mutant growth rates and intracellular flux

distributions [146].

Phenotypic phase plane analysis (PhPP) was developed [45] and applied

to Edwards’ E. coli model. Quantitative predictions regarding optimal usage of

carbon source and oxygen to maximize growth rate were made and tested for a

variety of substrates. Growth on M9 minimal medium with acetate, malate or

succinate as the primary carbon source agreed with the computational hypothesis

[43, 74]; however, glycerol only supported suboptimal growth of E. coli. Repeated

exponential balanced growth batch cultures on glycerol were then carried out for

60 days (around 900 generations) and the cells reproducibly evolved towards the

a priori predicted optimal growth behavior [74].

3.3.2 Incorporating effects of transcriptional regulation

A shortcoming of these purely stoichiometric metabolic models is that

they do not account for transcriptional regulation, so all the gene products are

assumed to be available to the cell to optimize its performance in a defined envi-

ronment. This assumption is based on the rationale that E. coli would have evolved

its regulatory network to allow for optimal growth on conditions in which the mi-

croorganism has already been adapted. Instances where this assumption might not

hold true is for E. coli mutants or for growth on multiple carbon sources. It has

also been found that some carbon sources do no initially support optimal behav-

ior, although limited adaptive evolution data does suggest that over time E. coli

adjusts its metabolic fluxes to find the optimal solution [74, 55].
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To address this issue the effects of transcriptional regulation have re-

cently been included into a constraint-based model of E. coli central metabolism

[30]. The method for modeling transcriptional regulation is based on Boolean logic

where the genes can be either ”on” or ”off”, and their status is evaluated based

on conditional ”if” statements. The regulatory network has been reconstructed for

central metabolism in E. coli using this method. Covert’s central metabolic and

regulatory network includes 149 genes (16 are regulatory genes), which take part

in 113 metabolic reactions, of which 45 reactions are regulated by 16 regulatory

proteins [30]. A regulatory model was also built for the genome-scale metabolic

model (iJR904) described in Chapter 4 of this dissertation. Covert’s genome-scale

regulatory model (iMC1010) accounts for a total of 1,010 E. coli genes: 104 tran-

scription factors and 906 metabolic genes. Regulatory rules were written for 479

of the 906 metabolic genes, the corresponding metabolic network and properties

are discussed in Chapter 2 and 3.

Both Covert regulatory models have been used to predict gene essential-

ity data and compared to qualitative mutant growth data [30, 33]. The largest

set of comparisons was made with iMC1010, where 13,750 different cases (110 mu-

tants screened on 125 growth environments) were evaluated with the regulatory

model correctly predicting 78% of the cases, an improvement over 65% accuracy

for the corresponding unregulated metabolic model [33]. Both models have also

been used to predict qualitative changes in gene expression. The genome-scale reg-

ulatory model was also used in combination with gene expression of wildtype and

transcription factor knockout strains to elucidate the transcriptional regulatory

network that controls the response to growth with and without oxygen. Based

on the analysis of the gene expression data, 115 regulatory rules were changed

including the addition of 78 new regulatory rules [33]. The central metabolic and

regulatory model was also used to calculate time-courses of batch growth. The

in silico predictions were in agreement with the experimental by-product (acetate,

formate, and ethanol) secretion patterns, as well as glucose uptake and biomass
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production patterns [30].

The text of this chapter, in part, is a reprint of the material as it appears in

J.L. Reed and B.Ø. Palsson. 2003. Thirteen years of building constraint-based in

silico models of Escherichia coli. Journal of Bacteriology, 185:2692-2699. I was the

primary author of the publication and the co-author participated and supervised

the research which forms the basis for this chapter.



Chapter 4

An Expanded Genome-Scale

Model of Escherichia coli

Metabolism (iJR904)

The constraint-based modeling approach has been used to study Es-

cherichia coli metabolism for over ten years, and the history of such model building

efforts has recently been in Chapter 3. The first genome-scale metabolic model

accounting for 660 gene products (iJE660) was reconstructed using genomic infor-

mation, biochemical data, and physiological data [41]. This genome-scale model

has been used to perform in silico gene deletion studies [41] and to predict both

optimal growth behavior [43] and the outcome of adaptive evolution [74].

This chapter reports the expansion of iJE660a, which itself is a slight

modification to the original genome-scale metabolic model (iJE660) [41]. Gene

to protein and protein to reaction (GPR) associations are included directly in

the new model (iJR904). These associations describe the dependence of reactions

on proteins and proteins on genes (Figure 4.2). The reaction network described

by iJR904 has also changed; individual reactions are now elementally and charge

balanced, and a significant number of new genes and new reactions have been added

to the model. iJR904 accounts for over 904 genes and the 931 unique biochemical

32
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reactions the encoded proteins carry out. This chapter describes this new model,

discusses the effects that added reactions have on model predictions, and identifies

putative ORFs in the genome that could resolve gaps in the metabolic network.

Since computational models of E. coli will continue to grow in size and

scope [129] it will become important to be able to distinguish between the different

models: a naming convention will aid in this effort. The naming convention we

chose to use mirrors that already established for plasmids. The general form of

the names of in silico strains used is iXXxxxa. The ’i’ in the name refers to

an in silico model (i.e. a computer model). This ’i’ is followed by the initials

(XX) of the person who developed the model and then the number of genes (xxx)

included in the model. Any letters (a) after the number of genes indicates that

slight modifications were made to the model, for instance iJE660a is derived from

iJE660. The contents of iJE660a and iJR904 can be found on-line [154].

4.1 Properties of the iJR904 metabolic network

An update on the annotation of the E. coli K-12 genome was published

in 2001 [147], facilitating the process of updating the existing genome-scale in

silico E. coli model (iJE660a). Genes encoding known or putative enzymes and

transporters not included in the iJE660a model were further examined. Literature

and database searches (LIGAND [65], EcoCyc [81] and TC-DB [153]) on each of

the genes provided the biochemical information needed to expand E. coli iJE660a.

The resulting iJR904 model was built using the software SimPhenyTM (Genomat-

ica, San Diego, CA) and accounts for 904 gene products with a known locus in the

genome, as compared to 660 genes in the previous model.

The metabolic network described by E. coli iJE660a has expanded in

size from 631 unique reactions and 438 metabolites to 931 unique reactions and

626 metabolites in iJR904. Complete maps containing all the reactions in the

metabolic network are available on-line [154]. The molecular formulas and charges
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for the metabolites in the model were determined assuming a pH of 7.2. Sixty of

the reactions in iJR904 currently do not have associated genes. Putative functional

gene assignments account for 23 of the added reactions, with the majority of these

being putative transporters.

In addition to these new reactions, old reactions were updated to be both

elementally and charge balanced by including water and protons as participants in

the reactions. Six reactions in iJR904 are elementally balanced but not charge bal-

anced (Table 4.1). Five out of the six reactions are imbalanced because they have

not been fully characterized biochemically so assumptions had to be made about

the participating metabolites; the remaining reaction (abbreviated ADOCBLS) is

charge imbalanced due to the unknown charge associated with the ion complex.

The biomass reaction [41], representing the drain of biosynthetic constituents from

the network and the growth associated ATP requirement, was also changed to in-

clude internal protons and water. The amount of water needed in the biomass

reaction is equal to the amount of ATP hydrolyzed to meet the growth associated

ATP requirement. The hydrolysis of ATP results in the production of a proton

while the utilization of NADPH and NADH consumes a proton; this results in the

net production of proton in the biomass reaction.

Table 4.1: List of charge imbalanced reactions used in iJR904. All of these reactions are ele-
mentally balanced but not charge balanced (see supplementary material in [130] for definition
of metabolite abbreviations).

Abbreviation Reaction
ADOCBLS agdpcbi + rdmbzi → adocbl + gmp + h
AMPMS air + h2o → 4ampm + (2) for + (4) h
BTS2 cys-L + dtbt ↔ ala-L + btn + (2) h
DHNAOT dhna + octdp → 2dmmq8 + co2 + h + ppi
DKMPPD2 dkmpp + (3) h2o → 2kmb + for + (6) h + pi
MECDPDH 2mecdp + h → h2mb4p + h2o

Changes to reactions and gene associations in iJE660a were also made.

A number of reactions in iJE660a were not assigned to an ORF, but are now

assigned to an ORF as a result of the updated genome annotation [147], such
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as mtn and uppS. Other ORF names have changed and these were also updated.

Some of the original model reactions were also modified in addition to including

internal protons and water as reaction participants. These modifications mainly

included changes in the stoichiometric coefficients, cofactor usage and reaction

reversibility. In some cases the primary metabolites that participate in the reaction

were changed. Forty-two reactions were removed from iJE660a for various reasons

(including new biochemical reaction characterization and duplicate reaction-gene

entries).

iJR904 also accounts for the specificity of the quinones in the individual

reactions involved in the electron transport chain (Figure 4.1). E. coli K-12 uses

three quinones: ubiquinone (Q), menaquinone (MK) and demethylmenaquinone

(DMK) to transfer electrons from the electron donor to the terminal acceptor; in

iJE660a there was no distinction between the three quinones and they were all

treated as ubiquinone, which led to inaccurate electron donor-electron acceptor

pairs.

Figure 4.1: Quinone Specificity for Electron Donors and Terminal Acceptors. E. coli iJR904
also accounts for the quinone specificity of different enzymes. Electron donors are listed on the
left, and terminal electron acceptors are on the right, and the three types of quinones that serve
as carriers are shown in the middle. The electron donors shown in red were able to donate
their electrons to fumarate in iJE660a, but are now unable to do so. The following metabolite
abbreviations are used: dimethyl sulfoxide (DMSO) and trimethylamine N-oxide (TMAO).
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Gene to protein to reaction (GPR) associations are for the first time

directly included in the iJR904 model, and examples of some are shown in Fig-

ure 4.2. GPR associations have been constructed and their images can be found

on-line [154]. These GPR associations can be used to evaluate the reactions re-

maining in the metabolic network after deletion of a specific gene. Including these

associations directly into iJR904 will lead to more accurate assessment of the

effects of gene deletions. In addition these GPR associations are necessary for an-

alyzing diverse datasets by the model and using these datasets to further identify

physiological states.

Thus, iJR904 accounts more accurately for a number of the metabolic

processes in E. coli K-12 MG1655, and expands in scope significantly through the

addition of GPR associations. E. coli iJR904 is no longer a purely metabolic model.

4.2 Systemic properties

A list of network components alone does not explain how the components

work together to produce a biological function. These systemic properties can

only be investigated when considering all the components simultaneously; it is the

interaction of these components that provides the most information about cellular

behavior. As with iJE660a a myriad of other questions can be addressed with

iJR904. We will address three types of issues in this chapter using iJR904: 1)

gap analysis and putative ORF assignments; 2) the importance of global proton

balancing; and 3) phase plane analysis [45].

4.2.1 Identification and resolution of dead ends

A ”dead end” exists in a metabolic network if a metabolite is only pro-

duced or only consumed in the network. If a metabolic network contains a gap,

it is missing the biochemical reactions that can produce or consume the dead end

metabolites. iJR904 has 70 dead end metabolites or gaps in the network (listed
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Figure 4.2: Gene to Protein to Reaction Associations in Metabolic Reconstructions. Each gene
included in the model is associated with at least one reaction. Examples of different types of
associations are shown in this diagram, where the top layer is the gene locus, the second layer
is the translated peptide, the third layer is the functional protein and the bottom layer is the
reaction (shown as its corresponding abbreviation). Subunits (eg. sdhABCD and gapC 1C 2)
and enzyme complexes (eg. xylFGH) are connected to reactions with ”&” associations, meaning
that all have to be expressed for the reaction to occur. For sdhABCD, the ”&” is shown above
the enzyme level indicating that all of these gene products are needed for the functional enzyme.
With xylFGH the ”&” association is shown above the reaction level, indicating that the different
proteins form a complex that carries out the reaction. Isozymes (eg. gapC 1C 2 and gapA) are
independent proteins which carry out identical reactions where only one of the isozymes needs to
be present for the reaction to occur. Isozymes are shown as two or more arrows leaving different
proteins but impinging on the same reaction.
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in the supplementary material of [130]). These 70 metabolites participate in 89

reactions, indicating that at least 89 model reactions can never be used if the net-

work is to operate at steady state. The reactions that lead up to the dead ends

in iJR904 are included so that when the gaps are filled in at a future date the

network will be fully functional. Some of these network gaps could be reconciled

by the addition of transporters, while others could be reconciled by modifying the

growth function (ie. including dead end metabolites, such as siroheme, as require-

ments for biomass production). Neither of these steps was taken since genomic or

biochemical evidence could not be found to support their inclusion.

Using these gaps we attempted to identify new functional assignments

based on sequence homology searches. A list of EC numbers corresponding to

enzymes that are not included in the model but could resolve the gaps was gen-

erated. This list was pooled together with the enzymes known to occur in E. coli

but lack assigned loci (EcoCyc [81]). We subsequently collected the amino acid

sequences of proteins from other organisms (orthologous sequences) assigned to

these enzymatic functions.

A total of 83 training sets, each with an average of 11 orthologous se-

quences, was collected and compared against the E. coli genome. Each training

set includes multiple orthologous sequences that correspond to an enzyme of in-

terest. Of the 83 training sets, 61 are for enzymes which connect to gaps in the

existing network; the remaining 22 are for some of the enzymes listed in EcoCyc.

Each training set was processed using the alignment programs MEME [7] and

ClustalW [156] to generate a profile for the corresponding enzyme. Using these

profiles MAST [8] and HMMER [70] were used to identify matching ORFs in the

E. coli genome. Of the 61 enzymes that could resolve network gaps, we assigned

putative loci for 12 of them (Table 4.2). In addition, putative loci could be found

for 15 of the 22 enzymes listed in EcoCyc (Table 4.3). Some of these enzymes have

multiple matches within the E. coli genome, which together resulted in 55 putative

assignments.
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These results were manually inspected and found to be relevant and con-

sistent across the three search methods (MAST with and without end-gap penalty

and HMMER). The results of this study largely coincided with the annotation

performed by Serres et al. [147]; however, most annotation updates added more

specificity to the type of reactions the enzymes were predicted to catalyze and in

some cases suggested additional substrates known enzymes might act upon. Both

tables ( 4.2 and 4.3) list at most the top three matches for each enzyme (ex-

cluding any known isozymes). The putative assignments presented should be used

with care. For example, there are multiple putative assignments for the acyl-coA

dehydrogenase enzyme for which the gene has recently been found [24]. The ac-

tual gene locus for this enzyme (b0221) does not have the most significant e-value

among the list of potential loci.

4.2.2 Effects of constraining proton exchange flux

The importance of balancing protons internally can now be investigated

with iJR904 since the metabolic network accounts for all the protons being gen-

erated and consumed by the individual metabolic and transport reactions (only

external protons associated with the proton motive force were accounted for in

iJE660a). The medium can serve as a pool both supplying and dissipating exter-

nal protons as needed by the cell. During growth on some carbon sources, the

generation of internal protons by the metabolic reactions is relieved by secreting

protons into the medium; subsequently reducing the amount of ATP made by

ATPase since these protons could be used to drive this reaction. Under other con-

ditions, a shortage of internal protons is compensated by taking up protons from

the medium and transporting them across the cell membrane into the cytosol.

The effects that the exchange of protons across the system boundary has

on predicted growth rates were investigated. A robustness analysis [42], in which

the flux through the proton exchange reaction was constrained from its optimal

value down to zero, was performed under aerobic conditions for growth on a variety
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of carbon sources (Figure 4.3). The predicted growth rates for different carbon

sources respond differently as the exchange flux of protons (between the cell and

the medium) is reduced to zero; glucose and glycerol were the most sensitive to

proton exchange while D- and L-lactate and pyruvate were the least sensitive.

Figure 4.3: Effect of Proton Balancing on Predicted Growth Rates. This graph shows how
limiting the exchange of protons between the cell and the medium affects the predicted growth
rates under aerobic conditions. The relative growth rate is with respect to the value calculated
when the proton exchange flux values is not limited. These calculations are for the conditions of
aerobic growth on minimal media; the carbon source uptake rates were set to 5 mmol/g DW-hr
and the maximum oxygen uptake rate was set to 20 mmol/g DW-hr. Carbon sources resulting in
an outward flux of protons (lines to the right of the y-axis) would make the medium more acidic
while carbon sources resulting in an inward flux of protons (lines to the left of the y-axis) would
make the medium more basic.

When either glucose or glycerol was used as the carbon source, excess

protons were generated intracellularly; this excess can be relieved by secreting ex-

tracellular protons, thereby lowering the pH of the medium. For pyruvate, D- and

L-lactate, acetate, α-ketoglutarate (αKG), succinate, and malate there is a short-

age of internal protons; as a result cells would uptake protons from the medium

increasing the pH. Since there can be no net accumulation of charge within the

system, the total charge entering the system must equal the charge leaving the

system. Pyruvate, lactate, acetate, α-ketoglutarate, succinate, and malate as they

are used in these simulations have a negative charge so H+ must be taken up;
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however, if the uncharged acidic form of these compounds was used instead (and

the acid-base reaction was included in the network - generating proton(s) and the

basic form of the compound) H+ would be predicted to be secreted by the cell

lowering the pH.

It is generally thought that as E. coli grows the pH of the medium be-

comes more acidic. A lowering of pH has been observed for growth on unbuffered

medium with glycerol; however, during growth on unbuffered medium with dis-

odium succinate or sodium acetate the medium becomes more basic as predicted

by the model (J.L. Reed and B.Ø. Palsson, unpublished data). Clearly iJR904

with charge-balanced reactions brings out the challenge that cells have with global

balancing of protons. As a part of the iterative model building process [2] iJR904

can be used to design informative experiments to systematically address this issue.

4.2.3 Phenotypic phase plane (PhPP) comparisons

The phenotypic phase planes [16] for growth on different carbon sources

were calculated using both models, iJR904 and iJE660a. A description of phe-

notypic phase planes can be found in the Chapter 1. For these simulations the

carbon uptake rate and oxygen uptake rate were varied. The carbon substrates

tested include: glucose, pyruvate, acetate, glycerol, D-lactate, αKG, succinate, and

malate. The phase planes for pyruvate, D-lactate, and succinate calculated using

iJR904 were nearly identical to those calculated with model iJE660a (the lines

demarcating the different phases moved only slightly). These results show that

the modified and new reactions contained in iJR904 did not significantly affect the

phase planes for these substrates, indicating that iJR904 makes similar predictions

regarding optimal growth on these substrates.

The line of optimality (LO) on a phenotypic phase plane corresponds

to the conditions (oxygen and substrate uptake rates) which can maximize the

biomass yield. The largest shifts in the line of optimality were observed for growth

on pyruvate and αKG. These shifts are relatively small indicating that the optimal
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oxygen uptake and carbon source uptake rates to generate the maximal amount of

biomass do not change significantly (less than 10%).

The phenotypic phase planes for carbon sources other than pyruvate, D-

lactate, and succinate have more significant changes when calculated with iJR904

as compared to iJE660a. These include growth on the following carbon sources:

glycerol, glucose, acetate, malate and αKG. The resulting phase planes calculated

using iJR904 and iJE660a are shown in red and blue respectively in Figure 4.4.

For the glucose and malate phase planes (Figure 4.4, panels A and B) one of the

lines does not appear when calculated with iJR904, these changes are attributed

to the effects of global proton balancing described in the previous section. This

issue also accounts for changes in the acetate phase plane (Figure 4.4, panel C)

and plays into the differences observed with the glycerol and αKG phase planes,

but in these last two cases it is not the only contributing factor.

The changes in the glycerol phenotypic phase plane (Figure 4.4, panel

D) were less drastic than those for the αKG phase plane (Figure 4.4, panel E, see

comments below). The only major change being that the lines in the microaerobic

region shift downward. This change is a result of the removal of two reactions

involved in pyrridoxal recycling, which were previously assigned to pdxH. It was

observed for growth on glucose minimal medium these two reactions were predicted

to be used with other reactions to generate or consume molecular oxygen. The two

reactions were not included in the metabolic network defined by iJR904 because

biochemical characterization of the enzyme showed it does not carry out these

reactions [104].

The 2D phenotypic phase plane for αKG is noticeably different when

calculated for iJR904 and iJE660a (Figure 4.4, panel E). One notable feature is that

iJR904 predicts completely anaerobic growth on αKG, while iJE660a predicts that

oxygen is required for growth on αKG. Under oxygen limitations, corresponding to

regions below the line of optimality, the expanded model is also more efficient at

producing biomass from αKG than the previous model. As oxygen becomes more



46

Glycerol Phase Plane

0

5

10

15

20

0 5 10 15 20

Glycerol Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e 
(m

m
ol

/g
D

W
-h

r) LO
(iJE660a)

O
xy

ge
n 

U
pt

ak
e 

R
at

e
(m

m
ol

/g
D

W
-h

r)

Glycerol Uptake Rate (mmol/gDW-hr)

D) Glycerol Phase Plane LO
(iJR904)

Acetate Phase Plane

0

5

10

15

20

0 5 10 15 20

Acetate Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e 
(m

m
ol

/g
 D

W
-h

r)

αKG Phase Plane

0

5

10

15

20

0 5 10 15 20
α-ketoglutarate Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e 
(m

m
ol

/g
D

W
-h

r)

E) αααα-ketoglutarate Phase Plane

Malate Phase Plane

0

5

10

15

20

0 5 10 15 20

Malate Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e 
(m

m
ol

/g
 D

W
-h

r)
LO

(iJE660a)

Malate Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e
(m

m
ol

/g
D

W
-h

r)

LO
(iJR904)

Glucose Phase Plane

0

5

10

15

20

0 5 10 15 20

Glucose Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e 
(m

m
ol

/g
D

W
-h

r)

LO (iJR904)
LO (iJE660a)

Glucose Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e
(m

m
ol

/g
D

W
-h

r)

B) Glucose Phase Plane

α-ketoglutarate Uptake Rate (mmol/gDW-hr)

O
xy

ge
n 

U
pt

ak
e 

R
at

e
(m

m
ol

/g
D

W
-h

r)

LO (iJR904)
LO (iJE660a) F) Anaerobic Growth on αααα-ketoglutarate

αKG

ICIT

SUCCOA

SUCC

CITOAA
AC

GLYC-R

GLX

ycdW, 
yiaE

garK, 
glxK

citDEF gcl, 
garR, 
glxR 3PG

GLYCLT

LO
(iJR904)

O
xy

ge
n 

U
pt

ak
e 

R
at

e
(m

m
ol

/g
D

W
-h

r)

C)  Acetate Phase Plane LO
(iJE660a)

Acetate Uptake Rate (mmol/gDW-hr)

A) Malate Phase Plane

Figure 4.4: Phenotypic Phase Plane Comparisons: iJR904 vs. iJE660a. The PhPP for growth
on acetate, glycerol, malate, glucose, and α-ketoglutarate (αKG) are shown in panels A-E, where
the red lines show the PhPP calculated from iJR904 and the blue lines the PhPP calculated from
iJE660a. The line of optimality (LO) corresponds to maximal biomass yield. With αKG as the
carbon source, the phase planes (panel E) calculated from iJR904 (red line) and iJE660a (blue
line) are drastically different in the oxygen limited region (area below the LO). Panel F shows
in red, blue, and green the different metabolic routes (along with their associated genes) added
to the network in iJR904 that enable anaerobic growth on αKG. Metabolite abbreviations are
as follows: citrate (CIT), isocitrate (ICIT), α-ketoglutarate (αKG), succinyl-CoA (SUCCOA),
succinate (SUCC), oxaloacetate (OAA), acetate (AC), glyoxylate (GLX), R-glycerate (GLYC-R),
3-phospho-D-glycerate (3PG), glycolate (GLYCLT).
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limiting iJR904 becomes increasingly more efficient at generating biomass.

Figure 4.5: Metabolic Map of TCA Cycle and Citrate Lyase. During oxygen limited growth on
αKG maximal biomass will be made by utilizing the citrate lyase reaction. As oxygen becomes
more limiting, the reactions shown in red culminating in the production of oxaloacetate (OAA)
were predicted by iJR904 to be used more heavily than the forward direction of the TCA cycle
reactions (shown in black). iJE660a does not include the citrate lyase reaction so carbon flow
is directed only in the forward direction of the TCA cycle; these reactions produce more re-
duced redox carriers which are difficult for the cell to oxidize in an oxygen limited environment.
Metabolite abbreviations are the same as in Figure 4.4 with the following additions: fumarate
(FUM), malate (MAL), pyruvate (PYR) and acetyl-CoA (ACCOA). The ”+” sign indicates that
the cofactors is produced by the reaction in the direction shown and the ”-” sign indicates that
the cofactors is consumed.

Examination of the calculated optimal flux distributions provides insights

into why iJR904 is more efficient. One of the reasons for this increased growth

efficiency is that iJR904 includes the citrate lyase enzyme, which converts citrate

(CIT) to acetate (AC) and oxaloacetate (OAA). During oxygen limited growth

iJR904 predicts that some of the αKG is converted to OAA by first reversing some

of the TCA cycle reactions to generate CIT and then splitting CIT into AC and

OAA by citrate lyase. The rest of the αKG is consumed through the forward

reactions of the TCA cycle to produce malate (Figure 4.5). Removal of the citrate

lyase reaction from the network under anaerobic conditions shows two other, less-

efficient routes that would still enable iJR904 to predict anaerobic growth. These

new metabolic routes, which are dependent on at least one of the new reaction

additions, are depicted in panel F of Figure 4.4.
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4.3 Discussion

The expanded model, iJR904, includes 36% more metabolic genes and

47% more metabolic reactions than the previous genome-scale model. Each reac-

tion in the network is now both elementally and charge balanced with the exception

of six reactions listed in Table 4.1. While the new reactions added to the network

do not change many of the predicted optimal phenotypes, there are instances in

which the expanded model makes significantly different predictions, examples of

which occur when glycerol, glucose, malate, acetate and αKG is used as the carbon

source under oxygen limited conditions.

The analysis of dead ends or gaps in the network has led to putative

annotations of 55 ORFs. If these putative functional assignments are verified

biochemically they can be included in future updates of iJR904. Ideally an iterative

process will be developed, within which the model can help identify new targets,

and if verified can lead to an updated model. This iterative process [110] would

likely produce more useful results in less-characterized organisms and has already

been successful in helping to identify malate dehydrogenase in H. pylori [28] and

citrate synthase in Geobacter sulfurreducens (D. Lovley, unpublished results).

The incorporation of GPR associations into iJR904 will allow for the

analysis of transcriptomic and proteomic data directly; it also enables the incor-

poration of these data sets to further constrain the solution space leading to more

accurate predictions of phenotypic data. E. coli iJR904 can now serve as a model

centric database which can analyze and reconcile heterogeneous data sets as well

as use these data sets to aid in model predictions.

The text of this chapter, in full, is a reprint of the material as it appears in J.L.

Reed, T.D. Vo, C.H. Schilling and B.Ø. Palsson. 2003. An expanded genome-scale

model of Escherichia coli K-12 (iJR904 GSM/GPR). Genome Biology, 4:R54.1-

R54.12. I was the primary author of the publication and the co-authors partici-

pated and/or supervised the research which forms the basis for this chapter.



Chapter 5

Analysis of Optimal and

Suboptimal Solutions for iJR904

Flux balance analysis uses linear optimization to find a flux distribution

that maximizes a particular objective function (eg. growth rate or ATP produc-

tion) [164, 78]. However, there are often multiple flux distributions that are equally

optimal (value of the objective function is the same) giving rise to the concept of

multiple alternate optima [88, 92]. The existence of such multiple optima would

correspond to the biological notion of silent phenotypes [128], i.e. the same ob-

served overall cellular function is achieved with different uses of underlying reaction

networks [55].

Mixed-integer linear programming (MILP) has been used to study op-

timal solutions- identifying the minimum number of reactions needed for optimal

growth (minimum reaction sets) [19, 20], as well as enumerating alternate basic op-

tima for small metabolic networks, where the objective function takes on the same

value but the flux distributions through the metabolic network differ [88, 120].

The alternate optimal flux distributions calculated using MILP differ in that they

all use a different set of reactions. For the small-scale networks previously stud-

ied using MILP [88, 120], the number of alternate optima was on the order of 10

solutions. In genome-scale networks a large number of network redundancies ex-

49
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ist [92] creating computational challenges in calculating all alternate optima. One

approach to explore the range of optimal solutions is to fix growth rate and then

calculate the minimum and maximum flux values through each reaction in the

network (referred to as ’flux variability analysis’). The approach was recently used

to analyze the initial genome-scale network for Escherichia coli (iJE660a) [41] for

a select number of environmental conditions including aerobic growth on glucose,

acetate, and D-lactate [92].

This study applies a recursive MILP algorithm to calculate a subset of the

alternate optimal growth solutions in an expanded genome-scale model of E. coli

(iJR904) [130] for a large number of media conditions (136). Comparisons between

the optimal solutions characterized by the flux variability analysis and those cal-

culated with a MILP approach found that the first 500 solutions identify all the

variable fluxes in the set of alternate optima, but do not fully capture the mag-

nitude of the flux variability through the individual reactions. Looking at the

alternate optima across the 136 simulated growth environments, a number of reac-

tions were found to be utilized in all the calculated alternate optima, while others

were used under only a few environmental conditions. This collection of optimal

solutions has been studied to provide insights into the candidate regulatory mech-

anisms and strategies that would allow E. coli to grow optimally. Flux variability

analysis was also used to study how fluxes are used in suboptimal solutions and

this approach identified reactions that if used would lead to suboptimal growth by

the cell. Thus, the present study is the most comprehensive evaluation of alternate

optima in genome-scale models to date.

We first computed a sample of 56,756 optimal solutions under 136 growth

environments. We then assessed the properties of these solutions and found the

correlated reaction subsets in these optimal solutions. The correlated reaction

subsets were then compared to known regulon structures and expression profiling

datasets. For aerobic and anaerobic growth on glucose we compared the utilization

of reactions in the alternate optima to described transcriptional regulation of the
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genes that are associated with some of these fluxes. Finally, we compared the

reaction usage in optimal growth solutions to those in suboptimal growth solutions.

5.1 Setting up the problem

5.1.1 Modifications to metabolic network

The recently reconstructed E. coli metabolic network described in Chap-

ter 4 was used in these calculations [130]. Type III extreme pathways are ther-

modynamically infeasible combinations [12, 125] of reactions with no net pro-

duction or consumption of metabolites. To avoid having flux distributions uti-

lizing type III pathways seventeen reactions in the network were removed by

constraining the flux through these reactions to zero: CYTDt2, ABUTt2, AC-

COAL, GALUi, GLUt4, INSt2, LCADi, ADK1, ADNt2, PROt4, SERt4, ALARi,

THMDt2, THRt4, URAt2, URIt2, and VPAMT (most of which involve transport

reactions).

5.1.2 The MILP algorithm for identifying alternate optima

A recursive algorithm for calculating alternate optima using MILP has

been published [88]. These alternate optima utilize different sets of reactions. This

algorithm was used to study a genome-scale metabolic network of E. coli. Some

alterations to the algorithm were implemented and are described in more detail.

The LP for this network is of the following form:

maximize Z = cT · v (5.1)

such that S · v = 0 (5.2)

vmin ≤ v ≤ vmax (5.3)
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In the prior algorithm [88] inequality constraints were transformed to

standard form by introduction of slack variables. This initial transformation was

not done in this study since the only inequality constraints were for the individual

fluxes; instead the problem remained in the form stated above. The following ad-

ditional constraints were adopted to ensure that different solutions were calculated

(the ranges on the last set of constraints (Equation 5.7) were modified from the

original version of the algorithm): ∑
i∈NZJ−1

yi ≥ 1 (5.4)

∑
i∈NZk

wi ≤| NZk | −1 , for k = 1, 2, ...J − 1 (5.5)

yi + wi ≤ 1 , for all i (5.6)

vmin,i · wi ≤ vi ≤ vmax,i · wi , for all i (5.7)

At each iteration, J, at least one of the non-zero fluxes from the previous

solution (NZJ−1) must be set to zero, where the binary variable yi is one if that

flux is selected to be removed from the basis at iteration J (Equation 5.4). The

binary variable wi is subsequently forced to zero if yi is one (Equation 5.6), and

the upper and lower bounds for that particular flux are then constrained to zero

(Equation 5.7). Equation 5.5 ensures that alternate bases are not revisited by

eliminating at least one non-zero variables found in previous iterations. The cplex

solver in GAMS (GAMS Development Corporation, Washington, DC) was used to

enumerate the first 500 optima for each environmental condition.

5.2 Comparing MILP and flux variability analysis results

Previous metabolic networks studied using MILP have enumerated a fi-

nite number of flux distributions [88]. A modified version of the algorithm (see
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methods section) was implemented here and used to calculate basic optimal solu-

tions for 88 aerobic and 48 anaerobic growth conditions, where different carbon

sources were used (see Table 5.1 for a list of simulated carbon sources). The set of

optima for a given environment will be referred to in this paper as the ’condition-

specific optima’. Application of the modified MILP algorithm to a genome-scale

metabolic network showed that for many carbon sources the number of alternate

optima was large making it computationally difficult to enumerate all the opti-

mal solutions. As such, only the first 500 optimal solutions were calculated for

each of the 136 (=88+48) environmental condition. For some simulated environ-

ments, aerobic growth with glycine as sole carbon source and for all 48 anaerobic

conditions, it was possible to enumerate all the alternate optima.

To investigate how well the calculated condition-specific optima spanned

or represented the actual range of optimal solutions, the number of varying fluxes

and the range of those fluxes was calculated from the different sets of condition-

specific optima and compared to the results using flux variability analysis. Fig-

ure 5.1 shows that for the 88 aerobic conditions, the first 150 optimal solutions are

sufficient to identify all the variable fluxes amongst the set of condition-specific op-

tima, whereas determining the numerical range of these fluxes in the set sometimes

required the calculation of more optima. For some carbon sources, the magnitude

of the flux ranges when looking at all 500 optimal solutions was smaller than the

actual flux ranges calculated using flux variability analysis. These results imply

that the first 500 optimal solutions are adequate for getting a sample of the full set

of condition-specific optima, while still remaining computationally tractable. With

adequate sampling, the set of condition-specific optima can be further analyzed.

5.3 Properties of alternate optima

The average optimal flux distribution, found amongst the 136 growth con-

ditions considered, used 294 of the 931 internal reactions in iJR904 and for a given
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Table 5.1: Predicted carbon sources capable of supporting growth. List of allowable carbon
sources predicted by iJR904. Italicized metabolites can be used aerobically and anaerobically
as sole carbon sources, un-italicized metabolites can only be used as sole carbon sources under
aerobic conditions.

Metabolite Name Metabolite Name Metabolite Name
2-Dehydro-3-deoxy-D-
gluconate

Inosine L-Aspartate

N-Acetyl-D-
glucosamine

Lactose Butyrate (n-C4:0)

N-Acetyl-D-
mannosamine

Maltose Citrate

N-Acetylneuraminate Maltohexaose Ethanol
Adenosine Maltopentaose Fumarate
L-Arabinose Maltotriose L-Glutamine
Cytidine Maltotetraose L-Glutamate
Deoxyadenosine D-Mannose Glycine
Deoxycytidine D-Mannose 6-phosphate Glycerol
Deoxyguanosine Melibiose Glycolate
Dihydroxyacetone D-Ribose Hexadecanoate (n-C16:0)
Deoxyinosine L-Rhamnose D-Lactate
Deoxyuridine D-Sorbitol L-Lactate
D-Fructose Sucrose L-Malate
L-Fucose Trehalose D-Mannitol
D-Glucose 6-phosphate Uridine Cctadecanoate (n-C18:0)
D-Galactose Xanthosine Ornithine
D-Galactarate D-Xylose Phenylpropanoate
D-Galactonate (S)-Propane-1,2-diol L-Proline
Galactitol 3-hydroxycinnamic acid Putrescine
D-Galacturonate 3-(3-hydroxy-

phenyl)propionate
Pyruvate

D-Glucosamine 4-Aminobutanoate D-Serine
D-Glucose Acetate L-Serine
D-Gluconate Acetoacetate Succinate
D-Glucarate Acetaldehyde L-tartrate
D-Glucuronate 2-Oxoglutarate L-Threonine
D-Glyceraldehyde D-Alanine L-Tryptophan
Glycerol 3-phosphate L-Alanine Tetradecanoate (n-C14:0)
Guanosine L-Arginine
L-Idonate L-Asparagine
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Figure 1. Comparison of Sampled Optima with All Optima.
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Figure 5.1: Comparisons of Properties for Sampled Optima with All Optima. The number of
variable fluxes and the allowable ranges for these fluxes across all optima was calculated using
flux variability analysis. Each line is for one of the 88 carbon sources capable of supporting
aerobic growth. Panel A shows that as the number of calculated optima increases the number of
variable fluxes found in these sampled optimal solutions approaches the total number of variable
fluxes. Panel B shows how the magnitude of the flux variations is represented by the sampled
optima relative to the actual flux variability across all optima.



56

growth condition the average number of variable fluxes was 49 (with the number of

variable fluxes typically being higher under aerobic conditions). Interestingly, with

the exception of anaerobic growth on adenosine and deoxyadenosine, none of the

exchange fluxes with the environment varied across alternate optima. This result

indicates that the external state or phenotype of the cell is normally unique for a

set of condition-specific optima, while flexibility in the internal fluxes accounts for

the different optima. In all, there were 140 internal fluxes and 5 exchange fluxes

that were variable under at least one of the 136 tested environmental conditions.

Most of the flexibility in the network resides with reactions using different electron

carriers, nucleotide salvage reactions, and central metabolic reactions. There were

quite a few instances in central metabolism where the flux through a reaction was

variable across the different optima (most of glycolysis, TCA cycle, anaplerotic

reactions, and oxidative phosphorylation reactions).

The complete set of alternate optima, both aerobic and anaerobic, are

a set of 56,756 flux distributions that were further studied, the combined set are

referred to here as the ’mixed optima’. For each reaction in the network, the frac-

tion of the optimal solutions, in the set of mixed optima, which use that particular

reaction (fopt) was calculated (Figure 5.2A). Reactions in the iJR904 model were

previously assigned to different metabolic subsystems based on metabolic function

and Figure 5.2B shows for each subsystem how many reactions are assigned to

that subsystem and the distribution of fractional usage within this subsystem. For

example, there are 40 oxidative phosphorylation reactions: 65% of these are never

used in any of the mixed optima, 20% have a fopt between 0 and 0.25, 3% have a

fopt between 0.25 and 0.5, 8% have a fopt between 0.75 and 1.0, and 5% are used

in all optima.

A total of 201 reactions were used in all optimal solutions across the

different environmental conditions, these include reactions involved in amino acid

metabolism (cys, his, ile, leu, lys, met, phe and tyr-the amino acids that can

not serve as carbon sources), folate metabolism and membrane lipid biosynthesis.
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Figure 2. Reaction Usage in Optimal Flux Distributions.
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0

0 0 to 0.25 0.25 to 0.5 0.5 to 0.75 0.75 to 1 1
Nitrogen 4 1.00 0.00 0.00 0.00 0.00 0.00
Methylglyoxal Metabolism 3 1.00 0.00 0.00 0.00 0.00 0.00
Oxidative phosphorylation 40 0.65 0.20 0.03 0.00 0.08 0.05
Unassigned 9 0.78 0.00 0.00 0.00 0.00 0.22
Cofactor and Prosthetic Group Biosynthesis 135 0.73 0.01 0.01 0.00 0.00 0.24
Cell Envelope Biosynthesis 80 0.51 0.03 0.00 0.00 0.01 0.45
Putative 3 0.00 0.67 0.00 0.00 0.00 0.33
Transport, Extracellular 164 0.44 0.52 0.00 0.00 0.01 0.02
Alternate Carbon Metabolism 130 0.27 0.65 0.02 0.02 0.00 0.04
Glyoxylate Metabolism 5 0.40 0.60 0.00 0.00 0.00 0.00
Putative Transporters 20 0.40 0.60 0.00 0.00 0.00 0.00
Glycine and Serine Metabolism 8 0.00 0.50 0.00 0.00 0.50 0.00
Glutamate metabolism 5 0.20 0.40 0.00 0.00 0.40 0.00
Citrate Cycle (TCA) 13 0.15 0.15 0.00 0.15 0.31 0.23
Glycolysis/Gluconeogenesis 18 0.11 0.11 0.06 0.17 0.11 0.44
Alanine and aspartate metabolism 10 0.30 0.30 0.00 0.00 0.20 0.20
Arginine and Proline Metabolism 43 0.14 0.37 0.00 0.00 0.33 0.16
Nucleotide Salvage Pathways 86 0.36 0.26 0.15 0.08 0.02 0.13
Pyruvate metabolism 7 0.14 0.29 0.29 0.00 0.00 0.29
Pentose Phosphate Cycle 10 0.00 0.20 0.30 0.00 0.00 0.50
Anaplerotic reactions 7 0.00 0.43 0.14 0.29 0.00 0.14
Purine and Pyrimidine Biosynthesis 24 0.00 0.08 0.04 0.04 0.75 0.08
Cysteine Metabolism 8 0.13 0.00 0.00 0.00 0.00 0.88
Methionine Metabolism 9 0.44 0.00 0.00 0.00 0.00 0.56
Membrane Lipid Metabolism 25 0.08 0.16 0.08 0.04 0.08 0.56
Tyrosine, Tryptophan, and Phenylalanine Metabolism 20 0.00 0.10 0.00 0.00 0.30 0.60
Folate Metabolism 6 0.00 0.17 0.17 0.00 0.00 0.67
Threonine and Lysine Metabolism 14 0.07 0.00 0.00 0.14 0.07 0.71
Valine, leucine, and isoleucine metabolism 15 0.00 0.00 0.00 0.00 0.00 1.00
Histidine Metabolism 10 0.00 0.00 0.00 0.00 0.00 1.00

foptNo. 
Rxns

Subsystems in iJR904

Figure 5.2: Reaction Usage in Optimal Flux Distributions. Panel A shows for each reaction in the
metabolic network, what fraction of the optimal flux distributions utilize this reaction (fopt). The
reactions are then rank ordered by frequency of use in optimal flux distributions. Each reaction
in the model been classified into one of 30 subsystems. Panel B shows for each subsystem how
many reactions belong to that subsystem (No. Rxns) and what fraction of these reactions are:
never used (fopt =0), used in less than 25% of the solutions (0< fopt <0.25), used between 25
and 50% of the solutions (0.25< fopt <0.5), used between 50% and 75% of the solutions (0.5<
fopt <0.75), used between 75% and 100% of the solutions (0.75< fopt <1), and used in all of
the solutions (fopt =1). The individual fractions are shaded according to value: less than 0.1 is
white, between 0.1 and 0.5 is light grey, and larger than 0.5 is dark grey.
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These 201 reactions are needed for optimal growth across all 136 simulated growth

environments, and are related to the intersection of minimal reactions sets [19, 20]

for the different growth environments. Comparisons to experimental gene essen-

tiality data for growth on rich media [63] shows that of the 201 reactions, 81 are

associated with genes essential for growth on rich media, 20 have multiple isozymes

explaining why single knockouts might not have been essential experimentally and

another 20 do not have any ORFs associated with it in iJR904. For the remaining

80 reactions, the rich media might contain metabolites that can not be used as

sole carbon sources, allowing for some of these reactions to be unessential. For

example, all mixed optima use histidine biosynthesis reactions since it can not

serve as a sole carbon source, but if histidine was present in the growth medium

(which is likely) these associated genes would be unessential since the cell could

import histidine. These 201 reactions are essential for optimal growth across the

tested environmental conditions, but not necessarily suboptimal growth, further

explaining why not all the reactions were associated with lethal genes.

In contrast to the 201 reactions that are used across all the mixed optima,

a number of reactions (351) were never utilized by any of the optimal solutions for

any of the tested environments. These include 185 blocked reactions-reactions that

will never be used by the network even if all exchange fluxes are free [23]. In addi-

tion to these blocked reactions, are reactions needed for unsimulated environments

(eg. anaerobic growth with alternate electron acceptors such as dimethylsulfoxide

or nitrate) and reactions that are less efficient than others (eg. oxidative phospho-

rylation reactions that transfer different amounts of protons across the membrane).

This first pass analysis of the mixed optima can be advanced by a more detailed

investigation of how reactions are used relative to each other and with respect to

specific environmental conditions.
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5.4 Correlated reaction sets

Further examination of the mixed optima identified sets of reactions that

are always used together in a flux distribution; these reaction sets have been

previously referred to as ’correlated reactions’, ’fully coupled reactions’, or ’re-

action/enzyme subsets’ [23, 112, 137, 142]. A binary matrix (B) was formed from

the set of mixed optimal solutions, where rows correspond to different reactions and

columns are different optima. Non-zero fluxes have an entry of one in the binary

matrix and zero fluxes have an entry of zero. The correlated reaction sets could be

determined by studying the resulting reaction participation matrix (BBT ) [112].

The 66 correlated reaction sets calculated in this study arise from flux

distributions which maximize biomass yields, leading to the hypothesis that the

reactions in a correlated reaction set would have similar regulation if a cell uses its

metabolic network to maximize biomass production. The number of reactions in

a set of correlated reactions varied between 2 and 9, with a set size of 2 being the

most frequent (Figure 5.3).

The transcriptional regulatory network in E. coli (taken from EcoCyc [81],

RegulonDB [133]), and primary literature data) was used to test whether the genes

associated with correlated reaction sets have been found to be co-regulated. For

9% of the correlated reaction sets no comparisons could be made, because there

were not at least two reactions in the set with associated genes. Comparisons be-

tween regulon information and correlated reaction sets found that 68% of the cor-

related reaction sets were consistent with established regulatory structure (where

more than half of the associated genes belonged to same regulon) and for 23% of

the correlated reaction sets there was only weak evidence of conserved regulatory

structure (less than half of the associated genes belonged to same regulon). The

transcriptional regulatory network in E. coli, however, has not been completely elu-

cidated. Recent analysis of expression data in the context of a regulatory model

indicates that roughly 25% of the transcriptional regulatory mechanisms have been
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Figure 3. Distribution of Correlated Reaction Sets.
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Figure 5.3: Distribution of Correlated Reaction Sets. The 66 correlated reaction sets can be
categorized by the number of reactions in a set as well as the set’s metabolic purpose (metabolite
biosynthesis or degradation or other). Using known regulation from databases and available
literature, 45 out of 66 sets involved genes where at least half of the genes belonged to the same
regulon (strong regulation). For 6 of the two reaction sets one or both of the reactions were not
associated with any genes so no comparison could be made.

described in the primary literature [33].

As a further comparison, expression data was used to determine whether

genes in a correlated reaction set have similar expression patterns under differ-

ent conditions. Twenty publicly available AffyMetrix expression data sets were

collected from the ASAP database [1], replicates were averaged. The estimated

transcript copy number was used in the calculations (for a description see [6]).

Gene-protein-reaction (GPR) associations from the iJR904 model [130] were used

to translate reaction sets into gene sets. MATLAB (Mathworks, Natick, MA) was

used to calculate all pair-wise correlation coefficients between associated genes

across different datasets. The individual pair-wise correlation coefficients for a

given reaction set were then averaged yielding the reported average correlation co-

efficient. When isozymes were available for a given reaction, the average correlation

coefficients were calculated separately using the different isozymes, only the high-

est correlation coefficient was reported for the set. P-values, indicating whether
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the correlation coefficient is significant, were calculated using 100,000 randomly

selected gene sets from the 904 genes included in the model. Transcription units

were downloaded from EcoCyc [81], only the 321 transcription units containing at

least two genes with measured expression data were used in the analysis. Average

correlation coefficients and p-values for transcription units were calculated in the

same way as for the correlated reaction sets.

The resulting average correlation coefficients and associated p-values for

the correlated reaction sets are shown in Figure 5.4A. For comparison the average

correlation coefficients and p-values for genes belonging to the same transcription

unit [81] were calculated (Figure 5.4). The transcription units appear to have

more significant correlation than the correlated reaction sets; 18 out of 66 (27.3%)

correlated reaction sets have p-values less than 0.05 while 159 out of 321 (49.5%)

transcription units have p-values less than 0.05. Almost all of the correlated re-

action sets with significant correlation were classified as having evidence of being

part of the same regulon (17). For both transcription units and correlated reaction

sets, the more genes involved in a transcription unit or set the more significant the

correlation. The number of times a correlated reaction set is used in the mixed

optima does not seem to affect how well the set correlates with the expression data.

5.5 Condition-dependent fluxes

The condition-specific optimal solutions for glucose aerobic and glucose

anaerobic growth were further analyzed to investigate whether the transcriptional

regulatory network controlling metabolic enzymes pushes the cell towards an op-

timal state. The fraction of solutions that use a particular reaction under glucose

aerobic conditions was compared to the fraction for glucose anaerobic conditions

(Figure 5.5). Each point in Figure 5.5 represents a different metabolic reaction.

One may expect that reactions that fall below the line (meaning they are used

more highly in glucose aerobic optima) would have their genes up-regulated under
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Figure 5.4: Correlation of Genes in Correlated Reaction Sets and Transcription Units Based on
Expression Data. The average correlation coefficients between genes associated with reactions
in correlated reaction sets was calculated using a set of publicly available (ASAP) expression
data from 20 different conditions. The calculated average correlation coefficients and there corre-
sponding p-values are plotted in panel A (6 of the two reaction sets were omitted from the graph
because at least one of the reactions had no associated genes). Circles are used to denote small
sets (only two genes with expression data) and triangles are used to denote larger sets (greater
than two genes with expression data); the color black is used for sets that are used in less than
10,000 optimal solutions while blue is used for sets used in more than 10,000 optimal solutions.
Panel B shows average correlation coefficients between genes on the same transcription unit [81]
using the same set of expression data. Circles again are used to denote small sets (only two genes
with expression data) and triangles to denote larger sets (greater than two genes with expression
data).
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aerobic conditions and down-regulated under anaerobic conditions; the opposite

would be true for reactions falling above the line.

Participation of Reactions in Optimal Solutions

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

Fractional Aerobic Usage (n=500)

Fr
ac

tio
na

l A
na

er
ob

ic
 U

sa
ge

 
(n

=2
04

)

Complete Data Set rFBA Anaerobic Reactions rFBA Aerobic Reactions

Figure 5. Preferential Usage of Fluxes under Aerobic Glucose 
vs. Anaerobic Glucose Optimal Growth .

FH
L

FR
D3

HYD
2

HYD
1

HYD
3

FD
H2

GLYCLT2r

(iMC1010v2) (iMC1010v2)

Figure 5.5: Preferential Usage of Fluxes Under Aerobic Glucose vs. Anaerobic Glucose Optimal
Growth. Each point in the graph represents one of the 931 metabolic reactions; the x-axis plots
the fraction of optimal solutions that utilize that reaction under glucose aerobic conditions (500
optima) and the y-axis plots the fraction of optimal solutions that utilize that reaction under glu-
cose anaerobic conditions (204 optima). Using a regulatory model (iMC1010v2), that accounts
for known regulation and hypothesized regulation based on expression data, some reactions were
predicted to have more isozymes present aerobically (black) or more isozymes present anaerobi-
cally (white). Discrepancies between expression and usage in alternate optima are circled and
labeled in the graph, see text for further details.

A previously developed regulatory model, iMC1010v2, was used to com-

pare these predictions with the transcriptional regulatory structure in E. coli. The

iMC1010v2 model was constructed based on established regulatory mechanisms

and went through one iteration of improvement using transcription factor knockout

strains whose expression was measured under glucose aerobic and glucose anaero-

bic conditions [33]. This transcriptional regulatory model (iMC1010v2) was used

to simulate what genes are expressed under glucose minimal media conditions in

the presence and absence of oxygen. The model uses Boolean rules to determine

whether a gene is expressed or not expressed under given environmental condi-

tions [29].

The transcriptional regulatory model predicted for 61 reactions that more
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isozymes would be expressed under aerobic glucose conditions (aerobic reaction

set) and for 53 reactions that more isozymes would be expressed under anaerobic

glucose conditions (anaerobic reaction set). Black squares in Figure 5.5 are used to

indicate reactions belonging to the aerobic reaction set, white squares for reactions

in the anaerobic reaction set, and grey squares for the remaining reactions in the

model. Assuming the bacteria operates optimally, it would be expected that the

white points would fall above the line and the black points below the line.

Most of the reactions that have predicted changes in the expression of

associated genes, based on iMC1010v2, are not used in any of the condition-specific

optimal solutions for glucose aerobic or glucose anaerobic conditions. For both the

aerobic and anaerobic reaction sets, 9 reactions in each set fell on the predicted half

of the graph. Discrepancies occurred in both reaction sets, where more isozymes

are expressed under the condition that utilizes a reaction the least under optimal

conditions.

One of the two discrepancies in the aerobic reaction set is only used

slightly more in the anaerobic case (fanaerobic=0.681 vs. faerobic=0.676); further

sampling of the alternate optima could result in higher aerobic usage (faerobic).

The other aerobic reaction set discrepancy is for the glycolate transport reaction

(GLYCLT2r) which is used in all glucose anaerobic optimal solutions and in no

glucose aerobic optimal solutions. Deletion of GLYCLT2r from the network only

drops the maximal anaerobic growth rate by 0.1%, so even if the transporter is

not expressed there would be negligible differences in observed growth rate. It is

also important to note that the model predicts that glycolate can not serve as a

carbon source under anaerobic conditions explaining why this transporter might

be expressed aerobically.

There are also 6 discrepancies for reactions in the anaerobic reaction

set: hydrogenase reactions (HYD1, HYD2, HYD3), fumarate reductase (FRD3),

formate-hydrogen lyase (FHL), and formate dehydrogenase (FDH2). Like the gly-

colate transporter, all six reactions can be deleted simultaneously with negligible
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effect on the predicted maximal growth rate (only drops by 0.1%). The fumarate

reductase enzyme is responsible for two reactions, FRD2 and FRD3 (where differ-

ent quinones are used as electron donors in the two reactions). The FRD2 reaction

is used in all glucose anaerobic optima; explaining why the fumarate reductase

enzyme is expressed under anaerobic conditions.

5.6 Suboptimal fluxes

The previous sections focused on properties of optimal solutions, while

this section examines properties of suboptimal solutions. Flux variability analy-

sis rather than MILP was used to calculate the variability of fluxes for different

fixed growth rates (99% maximal growth, 90% maximal growth, 50% maximal

growth, and 25% maximal growth) under the 88 aerobic environments. For each

of the aerobic growth conditions (see Table 5.1) the set of suboptimal reactions

(those reactions that can be used in a suboptimal flux distribution) for the dif-

ferent suboptimal growth rate levels was identical. The fraction of environmental

conditions, fenv, (out of a total of 88 considered) in which a reaction can be used

in an optimal solution (red curve) or suboptimal solution (blue curve) was deter-

mined (Figure 5.6- note the 185 blocked reactions are left out of this figure). The

blue curve in Figure 5.6 is always greater than or equal to the red curve, indicating

that the set of optimal reactions (those reactions that can be used in an optimal

flux distribution) is always a subset of the suboptimal reactions. Again reactions

can be categorized according to their usage: 380 reactions are used under the same

number of conditions optimally and suboptimally (ignoring blocked reactions), and

366 reactions are used more suboptimally than optimally.

Interestingly, a set of 147 metabolic reactions are used suboptimally but

never optimally (Figure 5.6), so the presence of the responsible enzymes under

the tested conditions would drive the cell towards a less optimal state. These

reactions include: ABC transporters, when alternate transport mechanisms are
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Figure 5.6: Reaction Usage in Optimal and Suboptimal Flux Distributions. For each of the tested
136 environmental conditions, reactions were classified as being used in optimal solutions or used
only in suboptimal solutions. The blue line in the graph shows for each reaction the fraction of
environments (fenv) that can use this reaction suboptimally. The red line in the graph shows for
each reaction the fraction of environments that can use this reaction in optimal solutions. The
185 blocked reactions in the network are not shown in the graph.

available; the first step in the Entner Dourdoroff pathway; phospholipid recycling;

nucleotide degradation; transporters associated with by-products that can not be

utilized as carbon sources; and oxidative phosphorylation.

Looking at the usage patterns of exchange fluxes in optimal and subop-

timal aerobic solutions (these are not shown in Figure 5.6) gives insights into how

certain metabolites are used by the cell (Table 5.2). Some metabolites can only

serve as carbon sources and will never be secreted either optimally or suboptimally,

this is true for 52 extracellular metabolites. Thirteen extracellular metabolites can

be secreted suboptimally and can not be used as carbon sources (only serve as

by-products). Another set of 30 metabolites can be used as a sole carbon source

and can be secreted during suboptimal growth on any of the other carbon sources,

additionally 6 carbon sources can be secreted during suboptimal growth on only a

limited number of other carbon sources. Finally, the metabolites urea, xanthine,

uracil, and indole can not serve as carbon sources and are secreted optimally under
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aerobic growth conditions on a select number of carbon sources.

5.7 Discussion

Alternate optimal growth solutions exist in genome-scale models, and

these solutions need to be studied. Herein, application of a MILP algorithm to a

genome-scale metabolic model of E. coli found that the number of alternate optima

for genome-scale models is often large, making it computationally challenging to

enumerate all the optima for some conditions. Analysis of the calculated sets of

optimal solutions found that: 1) only a small subset of reactions in the network

have variable fluxes across optima, 2) correlated reaction sets showed moderate

agreement with the regulatory structure elucidated to date using classical meth-

ods and with expression data, 3) condition-dependent reactions help provide clues

about network regulatory needs. The additional calculation of suboptimal flux dis-

tributions identified reactions which are used under more environmental conditions

suboptimally than optimally.

There are many more alternate optima than the number of fluxes that can

vary across the set of alternate optimal solutions. Only a relatively small subset

of reactions in the network (140 out of 931 internal reactions) has variable fluxes

across optimal solutions. For only a few environmental conditions (2 out of 136)

will the exchange fluxes vary across optima, indicating that the internal state of

the cell is where the variability lies. In some cases it will be difficult to exactly

determine which optima a cell might use based on expression data or protein levels

since some variable reactions are carried out by the same enzymes. For example,

there are 45 nucleotide salvage reactions whose fluxes can vary under at least

one of the tested environmental conditions; however, there are only 19 different

enzymes associated with these reactions. For some variable reactions, such as

those involved in central metabolism, expression data, proteomic data, and flux

data could be used to help identify which reaction a cell is utilizing. Another level
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Table 5.2: Characterization of extracellular metabolites. Characterization of extracellular
metabolites by their roles in various single carbon aerobic environments.Columns correspond
to carbon source (CS) and by-product (BP). The following abbreviations are used: O=both
optimal and suboptimal; N=neither optimal nor suboptimal; S=only suboptimal.

CS BP Extracellular Metabolites
O N (52) 3-hydroxycinnamic acid; 3-(3-hydroxy-phenyl)propionate;

Acetoacetate; N-Acetyl-D-glucosamine; N-Acetyl-D-mannosamine;
N-Acetylneuraminate; L-Arabinose; L-Aspartate; Butyrate (n-
C4:0); Citrate; Deoxyadenosine; Deoxycytidine; Deoxyguano-
sine; Deoxyinosine; Deoxyuridine; D-Fructose; L-Fucose; D-
Glucose 6-phosphate; D-Galactose; D-Galactarate; D-Galactonate;
Galactitol; D-Galacturonate; D-Glucarate; D-Glucuronate; L-
Glutamine; Glycerol 3-phosphate; Guanosine; Hexadecanoate (n-
C16:0); Lactose; L-Malate; Maltose; Maltohexaose; Maltopen-
taose; Maltotriose; Maltotetraose; D-Mannose; D-Mannose 6-
phosphate; Melibiose; D-Mannitol; Octadecanoate (n-C18:0);
Phenylpropanoate; D-Ribose; L-Rhamnose; D-Sorbitol; D-Serine;
Sucrose; L-tartrate; Trehalose; Tetradecanoate (n-C14:0); D-Xylose

O S (36) 4-Aminobutanoate; Acetate; Acetaldehyde; Adenosine; 2-
Oxoglutarate; D-Alanine; L-Alanine; L-Arginine; L-Asparagine;
Cytidine; Dihydroxyacetone; Ethanol; Fumarate; L-Glutamate;
Glycine; D-Glyceraldehyde; Glycerol; Glycolate; Inosine; D-
Lactate; Ornithine; L-Proline; Putrescine; Pyruvate; L-Serine;
Succinate; L-Threonine; L-Tryptophan; Uridine; Xanthosine; D-
Glucose; 2-Dehydro-3-deoxy-D-gluconate; (S)-Propane-1,2-diol; D-
Gluconate; L-Idonate; L-Lactate

N S (13) 1,5-Diaminopentane; Adenine; Formate; Guanine; L-Histidine;
Hypoxanthine; L-Isoleucine; L-Leucine; L-Lysine; L-Phenylalanine;
Thymidine; L-Tyrosine; L-Valine

N O,S (4) Urea, Xanthine, Uracil, Indole
N N (31) Meso-2,6-Diaminoheptanedioate; Allantoin; AMP;

Cob(I)alamin; Choline; L-Carnitine; Cytosine; Cyanate; L-
Cysteine; Dimethyl sulfide; Dimethyl sulfoxide; Fe2+; L-Fucose
1-phosphate; Gamma-butyrobetaine; Glycine betaine; K+; D-
Methionine; L-Methionine; Sodium; Nicotinate; Nicotinamide
adenine dinucleotide; NMN; Nitrite; Nitrate; (R)-Pantothenate;
Spermidine; Taurine; Thiamin; Trimethylamine; Trimethylamine
N-oxide; Thiosulfate

N O (7) CO2, H2O, H, Ammonium, Phosphate, O2, Sulfate
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of complication in identifying the physiological solution is that an affine convex

combination of the basic alternate optima is also an alternate optima, it will also

be a valid flux distribution with the same objective value. For these reasons it may

prove too difficult to determine exactly what solution a living cell utilizes.

The first 500 alternate optima for each condition were used to identify

sets of correlated reactions. The majority of these correlated reaction sets (45

out of 66) were consistent with established regulatory structure. However, com-

parisons made using established transcriptional regulatory structure are limited

by the fact that a large portion of the transcriptional regulatory network has not

been elucidated. A better agreement with regulon structure and correlated reac-

tion sets in genome-scale models could emerge as the transcriptional regulatory

network is further characterized. It has recently been shown that the consistency

between transcriptional regulatory network structure and expression data can vary

depending on the structural features of network elements and functional classes of

genes [69]. Analysis of expression data showed that only a quarter of the corre-

lated reaction sets (27.3%) showed significant correlation (p<0.05) across different

conditions. However, 49.5% of the genes belonging to the same transcription unit

showed significant correlation across expression data sets. In contrast, compar-

isons between correlated reaction sets and expression data in yeast found that the

correlated reaction sets were highly correlated with expression data [142]. The

yeast network studied, however, only contained central metabolism and the study

only looked at expression data for a small number of genes under two different

environmental conditions.

Unraveling the transcriptional regulatory network in E. coli is currently

of great interest to many researchers. Comparing condition-specific optima pro-

vides useful insights into why the bacteria choose to express certain enzymes under

certain conditions. Comparisons between glucose anaerobic and glucose aerobic re-

action usage in optimal solutions generated testable hypothesis, some of which have

already been proven experimentally. It will be important to investigate multiple
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sets of conditional optima since the reasons behind enzyme regulation might not

be apparent by studying only two conditions.

By looking at optimal and suboptimal flux distributions, reactions which

are only used in suboptimal solutions can be identified. Why would E. coli over

the course of evolution retain these enzymes since these reactions are never used

optimally? These enzymes might be useful for reasons not captured based on

the assumed condition of optimal growth. Network topology can not capture the

importance of enzymes that might catalyze a less efficient overall reaction; these

enzymes could have higher turnover rates, better kinetics, allosteric regulation, or

other such reasons making them beneficial. For example, to convert pyruvate into

acetyl-CoA many of the aerobic optimal solutions use pyruvate formate lyase (PFL)

rather than pyruvate dehydrogenase (PDH), because formate, a product of PFL

reaction, can be converted to hydrogen gas whose electrons are then carried down

the electron transport chain. Using PFL the cell can make slightly more ATP than

if it used PDH (with NADH transferring electrons to the electron transport chain).

The network topology alone can not predict possible loss of hydrogen gas making

PFL more efficient. As another example, E. coli has two cytochrome oxidases,

one capable of translocating 2 protons and the other capable of translocating 2.5

protons per electron pair donated to oxygen. The enzymes have different affinities

for oxygen making one better than the other at different oxygenation levels [62].

For the types of analysis presented in this chapter, further sampling of

the alternate optima would not significantly affect the results. From the flux

variability analysis results (Figure 5.1, panel A), the set of fluxes that are always

used or never used across the mixed alternate optima would not change; however,

deviations could occur in the fraction of mixed optima (fopt) that use a particular

reaction for those reactions in Figure 5.2 with fopt between 0 and 1. Investigation of

the correlated reaction sets, in conjunction with the flux variability analysis results,

also indicated that these sets would not change if more sampling of the optima took

place. It should be noted, however, that biases in the sampling could affect other
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types of analysis of the resulting flux distributions, such as the distribution of flux

values through individual reactions [171].

Taken together, these in silico results indicate that an optimal E. coli

growth phenotype might be achievable by a large number of internal flux distrib-

utions; distinguishing the differences between these optima experimentally might

prove difficult. In addition studying the optimal and suboptimal utilization of

reactions in the network could lead to understanding why enzymes are expressed

under different conditions.

The text of this chapter, in full, is a reprint of the material as it appears in J.L.

Reed and B.Ø. Palsson. 2004. Genome-scale in silico models of E. coli have mul-

tiple equivalent phenotypic states: assessment of correlated reaction subsets that

comprise network states. Genome Research, 14:1797-805. I was the primary au-

thor of the publication and the co-author participated and supervised the research

which forms the basis for this chapter.



Chapter 6

A Review on Isotopomer

Modeling

The previous chapters have involved studying optimal and suboptimal

flux distributions in the allowable solution space, where solutions are calculated

by optimizing for a particular flux value, which was growth rate (i.e. biomass

production) in most cases. Other methods have been developed to better predict

physiological flux distributions using experimental measurements. Cells grown on

13C labeled substrates are lysed and the 13C labeling patterns on intracellular

metabolites can be measured using NMR or GC-MS. Measuring central metabolic

intermediates can be difficult due to their relatively low concentration levels in

the cell [36]; given the abundance of proteins in the cell, experimental techniques

have focused on measuring the labeling patterns in amino acids which can be cor-

related to central metabolic intermediates (pyruvate, phosphoenolpyruvate, ribose

5-phosphate, 3-phosphoglycerate, α-ketoglutarate, oxaloacetate, and erythrose-4-

phosphate) [36].

One method for back-calculating flux distributions from the measured

13C labeling patterns is through the use of isotopomer models which account for

the transfer of carbon atoms between metabolite pools by the metabolic reactions.

This chapter reviews the methods that have been developed elsewhere for building

72
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isotopomer models and how these models are used to calculate flux distributions

based on experimental data. The following chapter describes the construction

and analysis of two such isotopomer models that were generated to study flux

distributions in E. coli.

6.1 Variables: isotopomer distribution vectors and fluxes

A metabolite isotopomer contains one or more labeled atoms, such as 13C,

at specific positions; the complete set of isotopomers for a metabolite contain 13C

labels at different positions (see Figure 6.1). The number of possible isotopomers

for a metabolite is related to the number of carbon atoms in the molecule. If

a metabolite has n carbon atoms, then the number of different isotopomers for

that metabolite is 2n. The relative abundance, or mole fraction, of the different

isotopomers for a metabolite can be stored as a vector, called the isotopomer

distribution vector or IDV [138]. The sum of the elements in each IDV must be

equal to one (Equation 6.1) since the elements correspond to mole fractions. For

each metabolite in the network through which carbon atoms are tracked there

is one IDV. The IDV elements are one type of variable that are solved for by

the isotopomer model. The other types of variables are the fluxes through the

metabolic reactions and the mass distribution vectors (MDVs, which are described

in a subsequent section). In an isotopomer model reversible reactions are decoupled

into a forward and reverse direction, such that all fluxes must be non-negative.

2n∑
k=1

IDVk = 1 for all metabolites, where n is the number of carbon atoms (6.1)

6.2 Parameters: atom and isotopomer mapping matrices

Carbon atoms need to be tracked through individual reactions in the

reaction network. Atom mapping matrices or AMMs were created to store how
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Figure 6.1: Examples of Isotopomers and Carbon Mappings. Metabolite isotopomers all have
the same molecular structure and composition but differ in the position and number of labeled
atoms, such as 13C. The left panel shows the different 13C isotopomers for pyruvate, acetyl-
CoA, and CO2 where a filled circle indicates a 13C atom. The middle panel shows where each
pyruvate carbon atom (labeled with a different color and carbon number) ends up in acetyl-CoA
or CO2 in the pyruvate dehydrogenase reaction. The mapping between product and reactant
carbon atoms can be represented in a matrix format, called atom mapping matrices or AMMs.
Individual carbon atoms in each metabolite are labeled numerically (shown in middle panel) and
correspond to rows or columns in an atom mapping matrix. For each product and reactant pair a
binary atom mapping matrix can be generated. In the pyruvate dehydrogenase reaction, C1 from
pyruvate becomes C1 of CO2 and C2 and C3 of pyruvate become C1 and C2 of acetyl-CoA. These
relationships are represented in the two matrices in the right panel and are further described in
the text.

the carbon atoms in a product are related to the carbon atoms in a reactant [179].

All carbon atoms in the metabolites must be labeled numerically and consistently

used (Figure 6.1, center panel) across all the AMMs in the metabolic network. Each

AMM is specific for a product-reactant pair of a particular reaction. AMMs are

binary matrices, where each column corresponds to a carbon atom in the reactant

and each row to a carbon atom in the product. A non-zero entry in element (i, j)

of the AMM matrix indicates that the carbon j of the reactant becomes carbon i

of the product. Each carbon atom can be accounted for only once, so there can

only be one non-zero entry in each row and in each column. For most reactions

and metabolites the AMMs can be derived from the literature where the reaction

mechanisms are documented.

From the AMMs a set of isotopomer mapping matrices (IMMs) can be

generated (Figure 6.2). These can be calculated directly from the AMMs, and

indicate what isotopomers of a particular product can generate what isotopomers
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of a particular reactant [138]. The columns of the IMM correspond to different

isotopomers of a reactant and the rows to different isotopomers of a product.

The IMMs are also binary matrices, where a non-zero entry indicates that the

corresponding product isotopomer can generate the corresponding reactant iso-

topomer. Unlike mappings between carbon atoms in AMMs, the mapping between

isotopomers can be non-unique(see Figure 6.2). For example, one isotopomer of a

reactant can generate more than one isotopomer of a product if the reaction com-

bines carbon atoms from different metabolites. IMMs are used as parameters in

the constraint equations in the isotopomer model, while the AMMs for a reaction

are used to generate the necessary IMMs.
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Figure 6.2: Isotopomer Mapping Matrices. Isotopomer mapping matrices are binary matrices
that indicate which reactant isotopomers can produce which product isotopomers. Each column
corresponds to an isotopomer of the reactant and each row to a product isotopomer. A non-zero
entry in row i column j, indicates that the reactant isotopomer corresponding to column j can
produce the product isotopomer corresponding to row i. IMMs can be calculated directly from
the AMM matrices. In the example illustrated C2 and C3 of pyruvate become C1 and C2 of
acetyl-CoA (filled circles are used to denote 13C atoms).

6.3 Constraints: isotopomer balance constraints

In a constraint-based or flux balance model, mass balances are used to

constrain fluxes based on reaction stoichiometry (see section 2.1). For each metabo-
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lite in the network the rate of synthesis must equal the rate of production at steady

state. These same constraints (Equation 2.2) are valid and used in the isotopomer

model. In addition, the rates of production and consumption for each isotopomer

of each metabolite in the network must be equal at steady state. The individual

rates of production and consumption for each isotopomer are based on the prob-

abilities that the corresponding isotopomer will be produced or consumed by a

reaction multiplied by the flux through that reaction. For the consumption term,

this is simply the flux through the consuming reaction multiplied by the mole frac-

tion for a particular isotopomer. So the rates of consumption for all isotopomers

of a particular metabolite (m) through reaction (j) can be written as a system of

equations by vj · IDVm.

The rates of production are a little more complicated and require the

use of the IMM parameters for the network. If the carbon atoms in the product

metabolite (p) arise from only one reactant (r) than the rate of generating the

different product isotopomers can be calculated as vj · IMMr→p · IDVr [138]. If

the carbon atoms in the product metabolite (p) arise from more than one reactant

(r1 and r2) then probability of generating a particular isotopomer is the product

of the probabilities of generating that isotopomer from the reactants individually.

For the set of product isotopomers this can be represented as vj · ( (IMMr1→p ·

IDVr1)⊗(IMMr2→p ·IDVr2) ), where the ⊗ indicates the pair-wise multiplication

of vector elements [138].

Once determined, the rates of production minus the rates of consump-

tion for all isotopomers must be equal to zero if the system is at steady state.

These isotopomer balance equations form another set of constraints in addition to

mass balance constraints (Equation 2.2) and the sum of IDV elements constraints

(Equation 6.1) that must be obeyed. Unlike the other two types of constraints, the

isotopomer balance constraints are non-linear and form the bulk of the constraints

in the isotopomer model. An example of an isotopomer balance equation for the

acetyl-coA (accoa) isotopomers is shown below (Equation 6.2). In this example one
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reaction generates accoa in the network (pyruvate dehydrogenase from pyruvate,

PDH) and one reaction consumes accoa (citrate synthase, CS).

v(PDH) · IMMpyr→accoa · IDVpyr − v(CS) · IDVaccoa = 0 (6.2)

6.4 Model simplifications

There are significantly more variables and equations in an isotopomer

model than in a flux balance model, even though they describe the same metabolic

network (see Figure 6.3). Some steps can be taken to reduce the number of variables

and equations in the model. It is important to note that all reversible reactions

are decoupled in the isotopomer model into the forward and reverse direction, so

a metabolite involved with two reversible reactions has two reactions that produce

the metabolite and two reactions that consume the metabolite in the isotopomer

model.

6.4.1 Split metabolites: metabolites produced by one reaction

IDVs for metabolites that are produced by only one reaction (vprod) can be

eliminated from the model, such metabolites will be referred to as split metabolites.

The isotopomer balance equation for such a metabolite (m) would have the form:

vprod · F(IMM, IDV) − (
∑

i

vi) · IDVm = 0 for all i ∈ C

where C is the set of consuming reactions and F is a function of IMMs and

IDVs based on the reactants for the producing reaction. From the mass balance

constraint (Equation 2.2) we know that vprod =
∑

i vi. This relationship can be

used to simplify the above isotopomer balance equation to:

IDVm = F(IMM, IDV)
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Figure 6.3: Example Isotopomer Network. Flux balance models of metabolism typically have
much fewer variables as well as constraints compared to isotopomer models. A flux balance model
for the example system shown has 8 flux variables and 6 linear mass balance constraints, leaving
2 degrees of freedom in the network. The isotopomer network includes additional variables and
constraints relating to the relative isotopomer abundances of the individual metabolites. The
individual carbon atoms for each metabolite are shown as uniquely colored circles, the carbon
atoms can be traced through the different metabolites by matching up the colored circles. For
example, the carbon in CO2 comes from C1 in metabolite B. The isotopomer model contains the
same flux variables and mass balance constraints as the flux balance model, but additionally con-
tains 34 variables for the mole fractions of all isotopomers in the network (stored as isotopomer
distribution vectors, IDVs), 6 linear constraints, and 34 non-linear constraints. Some additional
parameters are required for the isotopomer model that map isotopomers of different metabo-
lites (called isotopomer mapping matrices, IMMs). Additional variables called mass distribution
vectors (MDVs) are added based on GC-MS measurements.
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By replacing all instances of IDVm in the remaining isotopomer balance

equations with F and removing the isotopomer balance equation for metabolite m,

the number of variables and non-linear constraints can be reduced by the number

of isotopomers for metabolite m. This was done for the biosynthetic isotopomer

model (described in section 7.1.2), thereby reducing the number of variables and

non-linear constraints each by 4,168 (from an original 18,924) without affecting

any subsequent results.

6.4.2 Series of split metabolites

A series of irreversible reactions all connected by metabolites that par-

ticipate in only two reactions (i.e. linear pathways) can be reduced to one overall

reaction. We know from the general mass balance constraints that the fluxes

through the reactions forming these linear pathways is the same (with the excep-

tion that if the stoichiometric coefficient for one of the pathway metabolites is not

1 or -1). The IDVs for the pathway metabolites can be replaced as described above

from the endproduct of the pathway moving backwards, or equivalently the reac-

tions can be lumped together and new AMMs generated to describe this lumped

pathway. These new AMMs are products of the original AMMs and can be used

to generate new IMMs for these lumped reactions.

6.4.3 Metabolites with conserved moieties

A number of metabolites have conserved moieties that are transferred

between metabolites. Coenzyme A, or CoA is one such moiety that is part of

acetyl-CoA and succinyl-CoA and a number of other metabolites. Since the carbon

atoms from CoA itself are not exchanged in any of the reactions the CoA moiety

can be treated as if it has no carbon atoms. In the biosynthesis of CoA from

its precursors the by-products (such as CO2) are traced back to the precursors

from which they arise but the carbon atoms that end up on CoA are not traced.

Other examples involve the tetrahydrofolate molecules: methenyltetrahydrofolate
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(methf), methenyltetrahydrofolate (mlthf), 10-formyltetrahydrofolate (10fthf), 5-

methyltetrahydrofolate (5mthf), tetrahydrofolate (thf), and dihydrofolate (dhf).

The structures for these compounds are all very similar with the exception of a

one carbon unit. Since the carbon being added or removed to these metabolites is

not one of the 19 carbon atoms in the conserved structure, these 19 carbon atoms

were not tracked, thereby decreasing the number of tracked carbon atoms in these

molecules by 19.

6.5 Variables pertaining to experimental measurements

Current experimental measurements pertaining to 13C experiments in-

volve the measurement of exchange fluxes (nutrient uptake rates and by-product

secretion rates) and measurements regarding the isotopomer patterns of certain

intracellular metabolites. Due to the higher abundance of amino acids relative

to intermediate metabolites in the cell, measurements are often made for the

amino acids rather than the intermediate metabolites. Both NMR and GC-MS [36]

have been used to measure the relative amounts of different isotopomers. Neither

method can distinguish between all individual isotopomers and there are advan-

tages and disadvantages to both [172]. The experimental data that is analyzed in

the following chapter involves GC-MS measurements and so the methods pertain-

ing to this type of data are discussed here.

After the cells are grown on labeled substrate the amino acids are ob-

tained from the proteins and chemically modified by derivatization methods. The

resulting compounds are then fragmented, where different carbon-carbon covalent

bonds in the amino acid are broken, producing fragments of different sizes [36] that

can be distinguished by the GC-MS. The experimental data analyzed in the fol-

lowing chapter involve measurements for the following amino acids: glycine (gly),

alanine (ala), serine (ser), aspartate and asparagine (asx), glutamine and gluta-

mate (glx), methionine (met), proline (pro), valine (val), isoleucine (ile), leucine
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(leu), lysine (lys), tyrosine (tyr), and phenylalanine (phe). The measurable amino

acid fragments include the complete amino acid C1 through Cn (labeled m57 or

m15), C2 through Cn (labeled m85 or m159), C1 through C2 (labeled f302), and

C3 through Cn (labeled sc), where C1 is the carboxyl carbon, C2 is the alpha car-

bon, and C3 through Cn are the carbon atoms on the amino acid side chain. The

different fragment labels, such as m57, refer to the location of the fragment in the

GC-MS spectrum.

GC-MS can be used to distinguish between isotopomers with a different

number of 13C atoms (Figure 6.4). An IDV vector can be uniquely transformed into

a mass distribution vector (MDV) by adding the appropriate elements; for example,

the MDV element corresponding to two 13C atoms would be the sum of the IDV

elements that correspond to isotopomers with two 13C atoms (Figure 6.4). The

resulting MDVs can be measured experimentally by the mass spectrometer [36].

The fractional area for each peak (single peak area divided by the total peak areas)

indicates the relative amounts of isotopomers with different numbers of 13C atoms.

For example, the fraction of isotopomers with one 13C atoms would be calculated

as the area under peak m1 divided by the total area under all the peaks. Methods

for removing contributions due to the natural abundance of isotopes have been

developed and can be readily applied [86, 87, 160].

6.6 Objective functions used in optimization

As mentioned previously there are two basics types of data that are used

to calculate intracellular flux distributions: extracellular flux measurements and

measurements pertaining to the 13C labeling patterns of metabolites. A commonly

used objective function is based on the experimental fluxes and mass distribution

vectors and their experimental standard deviations [177, 141, 172]. This objective

function is as follows:

Error =
N∑

i=1

(MDVexp,i −MDVcalc,i)
2

σMDV
exp,i

+
M∑

j=1

(vexp,j − vcalc,j)
2

σv
exp,j
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Figure 6.4: Isotopomer Mass Distribution Vectors. GC-MS can distinguish molecules with dif-
ferent numbers of 13C atoms. An isotopomer distribution vector (IDV) can be mapped to a
mass distribution vector (MDV) by adding the appropriate IDV elements. The sum of the MDV
elements must equal one as does the sum of the IDV elements. Experimental measurements
for the MDV vector can be derived from the GC-MS data (see text for more details) where the
different peaks m0 thru mn correspond to metabolites with 0,1,2,...n 13C atoms (where n is the
number of carbon atoms in the molecule).

where N is the number of total MDV elements measured using GC-MS and M

is the number of extracellular flux measurements (v). The exp denotes experi-

mental measurements and the calc denotes values calculated by the model. The

standard deviations in the experimental data σexp are used to weight the squared

errors between calculated and experimental values so that measurements with large

standard deviations are less important. Minimization of this objective functions

will lead to solutions (corresponding to flux distributions, IDVs, and MDVs) that

have smallest errors with respect to the experimental data.

6.7 Solving the constrained optimization problem

Solutions to the isotopomer model have been calculated using a couple

of different approaches. Most research groups have used genetic algorithms or a

hybrid genetic algorithm and optimization approach to solve the non-linear opti-

mization problem [177, 160, 141, 48]. Non-linear solvers are available to solve the

optimization problems involving non-linearities in the objective function and/or
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constraints, these include CONOPT, SNOPT, and MINOS and have been used to

solve isotopomer models [132, 166]. While these methods can identify locally opti-

mal solutions, they can not guarantee a global optimum. CONOPT has been used

to identify local optima for small isotopomer models and an algorithm has recently

been proposed that is supposed to guarantee finding of the global optimum [132];

however this global method is based on the assumption that the non-linearities are

bilinear which is not true for many instances where the non-linearities are prod-

ucts of three variables. For this work, the isotopomer models were implemented

in GAMS (GAMS Development Corporation, Washington DC) and the CONOPT

solver was used to solve the minimization problem starting from a random selection

of starting points. CONOPT has been described as being better at handling non-

linear programming problems with non-linearities in the constraints than SNOPT

and MINOS [61] (preliminary study of the different solvers found that CONOPT

did outperform SNOPT and KNITRO).



Chapter 7

Analysis of Flux Distributions

Using Isotopomer Measurements

Intracellular flux measurements are calculated from GC-MS or NMR ex-

perimental data in one of two ways, either using isotopomer models that minimize

differences between experimental measurements and model predictions [172] or us-

ing experimental data to add additional constraints to particular flux ratios such

that the resulting model is for a determined system [51, 52] (where the flux ratios

are calculated from the experimental data). Methods for generating iosotopomer

models and how to use these models to solve for intracellular flux distributions

based on experimental measurements were described in Chapter 6. All of the

metabolic networks that are studied using either of these two methods typically

involve 20 to 30 fluxes in central metabolism, and they assume the linear biosyn-

thesis of amino acids. In addition a number of these isotopomer models ignore

energy and redox balances that must be maintained within the cell [177, 160, 140].

The focus of this chapter will be on the development and characteriza-

tion of a larger isotopomer model that extends beyond central metabolism. The

resulting biosynthetic model contains 269 metabolic reactions including amino acid

biosynthesis and degradation reactions, as well as reactions involved in the produc-

tion of other cellular components (phospholipids, nucleotides, and cofactors). This

84
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model contains almost all reactions from the genome-scale network (iMC1010) that

can be used during growth on glucose, acetate or lactate. Comparisons between

predictions made by different models show that the calculated flux distributions

are highly dependent on the reconstructed network and that the larger biosynthetic

model is able to achieve a better fit to the experimental data. The second focus

of this chapter uses the isotopomer models to calculate theoretical experimental

GC-MS data which were then used to evaluate experimental conditions for optimal

design and identify correlated measurements.

7.1 Two isotopomer metabolic models for E. coli

7.1.1 Central metabolic model

A central metabolic isotopomer model was generated that is equiva-

lent in reaction content to most previously published isotopomer models for E.

coli [177, 52]. The model includes a total of 79 reactions (of which 31 were then

decoupled into a forward and reverse reaction). These include a biomass production

reaction which drains the precursor metabolites used to make biomass and 12 nutri-

ent and by-product exchange fluxes (for glucose, oxygen, phosphate, acetate, CO2,

ethanol, formate, fumarate, glycerol, D-lactate, pyruvate, and succinate). The

biomass composition is based on one that was reported previously [130] and also

used in the biosynthetic isotopomer model, but the macromolecular components

are replaced by the amount of energy, redox equivalents, and central metabolic

precursors needed to generate them. The remaining 66 reactions include glycoly-

sis, TCA cycle, pentose phosphate pathway, oxidative phosphorylation, pyruvate

metabolism, and anaplerotic metabolism (see Table 7.2). A glycerol 3-phosphate

phosphatase reaction was added to the network even though no such reaction has

been experimentally observed for E. coli since significant amounts of glycerol were

observed to be secreted by some strains. The central metabolic network includes

mass balance equations for 63 metabolites and tracks carbon atoms through 46
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metabolites (see Table 7.1). Most of the reactions and metabolites in the central

isotopomer model are shown in Figure 7.1. A total of 1,100 isotopomer variables

and isotopomer balance equations are included in the model as well as 98 IMMs.

30 IMM matrices were also generated for the conversion of precursor metabolites

into amino acids with experimental GC-MS measurements.

7.1.2 Biosynthetic metabolic model

A biosynthetic isotopomer model was generated that includes all of the re-

actions in the central metabolic model, with a few exceptions. The fumarate reduc-

tase reaction (FRD) in the central model is replaced with FRD2 and FRD3 which

utilize menaquinone and demethylmenaquinone rather than ubiquinone, and the

phosphate transport reaction now uses a proton symport mechanism (PIt replaced

with PIt2r). The biomass reaction is also different since it uses the amino acids,

nucleotides, cofactors, and macromolecules rather than their precursor metabo-

lites. The biosynthetic model also balances intracellular protons as well as water

molecules similar to iJR904.

In addition to these central metabolic pathways, the biosynthetic model

also includes a number of other pathways. To build the model the iMC1010

metabolic network [33], which is derived from iJR904, was evaluated to determine

which reactions can sustain non-zero fluxes during growth on glucose, acetate and

lactate when certain by-products are allowed to be produced (acetate, formate,

D-lactate, pyruvate, succinate, glycerol, CO2, and ethanol). The blocked reac-

tions, which must have zero net flux at steady state, were subsequently removed

from the model. Analysis of the remaining reactions and metabolites identified

groups of reactions that could be merged together in order to reduce the number

of variables without removing any of the capabilities of the model (see section 6.4).

Large sets of biosynthesis reactions were also merged that produce phospholipids,

nucleotides, cofactors. Since there are no experimental measurements for these

metabolites their isotopomers were not specifically accounted for in the model.
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Table 7.1: Isotopomer model of central E. coli metabolism: Metabolites. List of metabolites
in the central isotopomer model for E. coli. An abbreviation with a star indicates that the
metabolite is a precursor to one of the measured amino acids. The tracked C atoms column
indicates how many carbon atoms the metabolite has in the isotopomer model, this can differ
from the actual number of carbon atoms.

Abbr Name Tracked C Atoms
13dpg 3-Phospho-D-glyceroyl phosphate 3
2ddg6p 2-Dehydro-3-deoxy-D-gluconate 6-phosphate 6
2pg D-Glycerate 2-phosphate 3
3pg* 3-Phospho-D-glycerate 3
6pgc 6-Phospho-D-gluconate 6
6pgl 6-phospho-D-glucono-1,5-lactone 6
ac Acetate 2
accoa Acetyl-CoA 2
actp Acetyl phosphate 2
adp ADP 0
akg* α-ketoglutarate 5
amp AMP 0
atp ATP 0
cit Citrate 6
co2 CO2 1
coa Coenzyme A 0
dhap Dihydroxyacetone phosphate 3
e4p* D-Erythrose 4-phosphate 4
etoh Ethanol 2
f6p D-Fructose 6-phosphate 6
fad FAD 0
fadh2 FADH2 0
fdp D-Fructose 1,6-bisphosphate 6
for Formate 1
fum Fumarate 4
g3p Glyceraldehyde 3-phosphate 3
g6p D-Glucose 6-phosphate 6
glx Glyoxylate 2
glyc Glycerol 3
glyc3p Glycerol 3-phosphate 3
icit Isocitrate 6
lac-D D-Lactate 3
mal-L L-Malate 4
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Table 7.1, continued.

Abbr Name Tracked C Atoms
nad NAD 0
nadh NADH 0
nadp NADP 0
nadph NADPH 0
o2 Oxygen 0
oaa* Oxaloacetate 4
pep* Phosphoenolpyruvate 3
pi Phosphate 0
pyr* Pyruvate 3
q8 Ubiquinone-8 0
q8h2 Ubiquinol-8 0
r5p* alpha-D-Ribose 5-phosphate 5
ru5p-D D-Ribulose 5-phosphate 5
s7p Sedoheptulose 7-phosphate 7
succ Succinate 4
succoa Succinyl-CoA 4
xu5p-D D-Xylulose 5-phosphate 5
ac[e] Acetate (Extracellular) 2
co2[e] CO2 (Extracellular) 1
etoh[e] Ethanol (Extracellular) 2
for[e] Formate (Extracellular) 1
fum[e] Fumarate (Extracellular) 4
glc-D[e] D-Glucose (Extracellular) 6
glyc[e] Glycerol (Extracellular) 3
h[e] H+ (Extracellular) 0
lac-D[e] D-Lactate (Extracellular) 3
o2[e] O2 (Extracellular) 0
pi[e] Phosphate (Extracellular) 0
pyr[e] Pyruvate (Extracellular) 3
succ[e] Succinate (Extracellular) 4
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Table 7.2: Isotopomer model of central E. coli metabolism: Reactions. List of reactions and
abbreviations in the central isotopomer model for E. coli.

Abbr Reaction
Glycolysis and Gluconeogenesis

PGI g6p ↔ f6p
PFK atp + f6p → adp + fdp
FBP fdp → f6p + pi
FBA fdp ↔ dhap + g3p
TPI dhap ↔ g3p
GAPD g3p + nad + pi ↔ 13dpg + nadh
PGK 3pg + atp ↔ 13dpg + adp
PGM 2pg ↔ 3pg
ENO 2pg ↔ pep
PYK adp + pep → atp + pyr
PPS atp + pyr → amp + (2) pep + pi
PDH coa + nad + pyr → accoa + co2 + nadh

Pentose Phosphate Pathway
G6PDH2r g6p + nadp ↔ 6pgl + nadph
PGL 6pgl → 6pgc
GND 6pgc + nadp → co2 + nadph + ru5p-D
RPI r5p ↔ ru5p-D
RPE ru5p-D ↔ xu5p-D
TKT1 r5p + xu5p-D ↔ g3p + s7p
TKT2 e4p + xu5p-D ↔ f6p + g3p
TALA g3p + s7p ↔ e4p + f6p
EDD 6pgc → 2ddg6p
EDA 2ddg6p → g3p + pyr

Citric Acid Cycle
CS accoa + oaa → cit + coa
ACONT cit ↔ icit
ICDHyr icit + nadp ↔ akg + co2 + nadph
AKGDH akg + coa + nad → co2 + nadh + succoa
SUCOAS atp + coa + succ ↔ adp + pi + succoa
SUCD1i fad + succ → fadh2 + fum
FRD fadh2 + fum → fad + succ
FUM fum ↔ mal-L
MDH mal-L + nad ↔ nadh + oaa
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Table 7.2, continued.

Abbr Reaction
Pyruvate Metabolism

PFL coa + pyr → accoa + for
PTAr accoa + pi ↔ actp + coa
ACKr ac + atp ↔ actp + adp
LDH D lac-D + nad ↔ nadh + pyr
ADHEr accoa + (2) nadh ↔ coa + etoh + (2) nad

Anaplerotic Reactions
ME1 mal-L + nad → co2 + nadh + pyr
ME2 mal-L + nadp → co2 + nadph + pyr
PPC co2 + pep → oaa + pi
PPCK atp + oaa → adp + co2 + pep
ICL icit → glx + succ
MALS accoa + glx → coa + mal-L

Glycerol Metabolism
G3PD2 glyc3p + nadp ↔ dhap + nadph
G3PP glyc3p → glyc + pi

Energy and Redox Metabolism
NADH5 nadh + q8 → nad + q8h2
NADH6 nadh + q8 → (3.5) h[e] + nad + q8h2
SUCD4 fadh2 + q8 ↔ fad + q8h2
CYTBO3 (0.5) o2 + q8h2 → (2.5) h[e] + q8
CYTBD (0.5) o2 + q8h2 → (2) h[e] + q8
ATPS4r adp + (4) h[e] + pi ↔ atp
ATPM atp → adp + pi
ADK1 amp + atp ↔ (2) adp
NADTRHD nad + nadph → nadh + nadp
THD2 (2) h[e] + nadh + nadp → nad + nadph
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Table 7.2, continued.

Abbr Reaction
Transporters

GLCpts glc-D[e] + pep → g6p + pyr
GLYCt glyc ↔ glyc[e]
SUCFUMt fum[e] + succ ↔ fum + succ[e]
SUCCt2b succ → h[e] + succ[e]
ETOHt2r etoh[e] + h[e] ↔ etoh
ACt2r ac[e] + h[e] ↔ ac
D-LACt2 h[e] + lac-D[e] ↔ lac-D
FORt for[e] ↔ for
PYRt2r h[e] + pyr[e] ↔ pyr
PIt pi ↔ pi[e]
O2t o2[e] ↔ o2
CO2t co2[e] ↔ co2

Biomass Reaction 1.662177 3pg + 3.178137 accoa + 1.1106 akg +
0.411 e4p + 0.072 f6p + 0.11383 g3p + 0.1738 g6p
+ 1.759289 oaa + 0.8376 pep + 2.810459 pyr +
0.963539 r5p + 0.04202 ru5p-D + 0.0252 s7p +
0.000003 succoa + 65.110106 atp + 3.739974 nad
+ 17.292136 nadph →
3.17814 coa + 65.110106 adp + 45.5608 pi +
3.739974 nadh + 17.292136 nadp

Exchange Reactions
EX ac ac[e] ↔
EX co2 co2[e] ↔
EX etoh etoh[e] ↔
EX for for[e] ↔
EX fum fum[e] ↔
EX glc glc[e] ↔
EX glyc glyc[e] ↔
EX lac-D lac-D[e] ↔
EX o2 o2[e] ↔
EX pi pi[e] ↔
EX pyr pyr[e] ↔
EX succ succ[e] ↔
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Figure 7.1: Metabolic Map of Reactions in the Central Isotopomer Model. This map shows the
reactions in the central isotopomer model that involve metabolites with tracked carbon atoms
(not all reactions listed in Table 7.2 are shown). Metabolites such as atp, adp, amp, pi, o2,
co2, nad(h), nadp(h), fad(h2) and q8(h2) are not shown for simplicity. Reaction and metabolite
abbreviations match those in Tables 7.1 and 7.2. Glycolysis, pentose phosphate pathway,
Entner-Doudoroff pathway, TCA cycle and the glyoxylate shunt are labeled.
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Similarly to the central isotopomer model a glycerol 3-phosphate phosphatase re-

action was added to the network to account for glycerol production.

The resulting model accounts for 186 metabolites (93 of which have

tracked carbon atoms) and 269 reactions (64 of which are reversible and involve

tracked carbon atoms), and contains 8,612 isotopomer variables and non-linear

constraints. Of the original 932 reactions in the complete metabolic iMC1010

network, 342 are accounted for in the biosynthetic metabolic isotopomer model

either individually or as lumped reactions. The primary difference between the

biosynthetic and central isotopomer models is that the biosynthetic model con-

tains amino acid biosynthesis and degradation pathways as well as biosynthesis

pathways for other cellular components such as nucleotides, phospholipids, and

cofactors. The synthesis of these later components produces metabolites such as

CO2, acetate, fumarate, and glutamate which are accounted for in their respective

isotopomer balance equations. A complete listing of the reactions and metabolites

in the biosynthetic network can be found in the appendices (A and B).

7.2 Calculating fluxes from experimental data

7.2.1 Data and procedure for calculating flux distributions

Experimental data from three E. coli strains grown on 20%[U-13C]-80%[1-

13C] glucose was generated by Q. Hua in Bernhard Palsson’s laboratory. These

strains included the K-12 MG1655 wildtype strain and two independently evolved

∆pgi strains on glucose, pgi1 and pgi2. Glucose uptake rates, acetate secretion

rates, glycerol secretion rates (for pgi1 and pgi2 only) were measured during expo-

nential growth as well as GC-MS data for the 40 amino acid fragments described

in section 6.5. This data was kindly made available for analysis using the two

isotopomer models described above.

For each set of experimental data each model was solved 500 times by

starting at 500 different initial flux distributions. This was done to increase the



94

likelihood that the global minimum would be found. Each starting flux distrib-

ution was generated by minimizing and maximizing a randomly chosen objective

function. This objective function was a linear combination of up to nine randomly

selected fluxes with weightings randomly chosen from a normal distribution with

a mean of zero and a standard deviation of one. The two flux distributions corre-

sponding to the maximization and minimization of this random objective function

were linearly combined using random positive weightings that add up to one. This

ensures a feasible starting point to the mass balance constraints (Equation 2.2).

Initial IDV values for the starting points were always one for fully unlabeled iso-

topomers and zero for all other isotopomers. Different local optima were subse-

quently identified and the local optimal solution(s) with the smallest objective

function was identified as the optimal solution (further characterization of other

local optima is done in section 7.2.4).

Initial investigation found that due to the relatively large standard devi-

ations in the measured by-product secretion rates the calculated values for these

fluxes were often outside of the experimentally measured range. For example, ac-

etate secretion would be measured experimentally but the model would predict

solutions without any acetate secretion. As a result, for the calculation of flux

distributions in the this chapter, the glucose uptake rate and by-product secretion

rates (acetate and glycerol) were used as constraints to fix the exchange fluxes

in the model and were left out of the objective function. The resulting objective

function was based purely on the measured MDV values and the cellular growth

rate.

7.2.2 Importance of energy and redox balancing constraints

A number of published flux distributions were calculated using isotopomer

models that do not account for the synthesis and consumption of energy and redox

potential by the metabolic reactions [177, 160, 140, 141, 139]. As such the models

are never constrained by energy limitations or the need to maintain redox pools
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within the cell. To investigate the effects neglecting energy and redox balances

has on the calculated flux distributions an analogous central metabolic model was

generated, which will be referred to as the centralNoE model. In this model atp,

nad(h), nadp(h), fad(h2), q8(h2), adp, amp, pi, o2, and h were eliminated as reac-

tion participants, resulting in the removal of the ten energy and redox metabolism

reactions as well as the oxygen and phosphate transport reactions. Local min-

ima were then calculated using the same three experimental MDV data sets for

both the central and centralNoE isotopomer models. The average optimal flux

distribution for each model was then calculated by averaging the flux distributions

corresponding to the lowest observed objective value across the calculated local

optima. Figure 7.2 shows how these average flux distributions differ between the

two models (note that pgi2 is not shown since all fluxes in the graphed range were

nearly identical).

For two of the three strains, pgi1 and pgi2, the optimal flux distributions

calculated by the two models are very similar with only a few discrepancies. These

differences involve fluxes through glycolytic and gluconeogenic reactions: pyruvate

kinase (PYK) and phosphoenolpyruvate synthase (PPS) for pgi1 as well as phos-

phofructokinase(PFK) and fructose bisphosphatase (FBP) for both pgi1 and pgi2.

When energy terms are ignored in these reaction pairs, PYK-PPS and PFK-FBP,

the reactions become identical but run in opposite directions. Since there is no

scrambling of the 13C labels in either of these four reactions the fluxes through the

reactions in a pair can vary as long as the net flux through the pair remains the

same without any effect on the calculated objective value. As a result predictions

for these four fluxes differ between these two models for almost all three strains.

Running these two cycles physiologically, generates a futile cycle that dissipates

energy, since the net effect is the hydrolysis of high energy phosphate bonds from

ATP. Both pps and fbp show higher gene expression [105] and enzyme levels [119]

when cells are grown on gluconeogenic substrates, such as acetate, as compared to

glucose, where the PPS and FBP reactions are needed for gluconeogenesis. Over-
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Wildtype Fluxes CentralNoE Central
Glycolysis

PFK 28.255 7.862
FBP 20.464 0.000
TPI 3.911 5.266
GAPD 11.950 13.420
PGK -11.950 -13.420
PGM -11.211 -12.787
ENO 11.211 12.787

Citric Acid Cycle
CS 1.190 1.761
ACONT 1.190 1.761
SUCD1i 0.696 1.339
FUM 0.696 -1.131
MDH -0.027 -1.198

Anaplerotic Reactions
ME1 1.419 0.000
ME2 0.000 1.405
PPC 1.999 3.629
ICL 0.696 1.339
MALS 0.696 1.339

Pyruvate Metabolism
PDH 7.899 9.705

By-Product Metabolism
EX_fum 0.000 2.469
SUCCt2b 0.000 2.469
SUCFUMt 0.000 -2.469
EX_glyc 3.880 2.596
G3PP 3.880 2.596
GLYCt 3.880 2.596
G3PD2 -3.880 -2.596
EX_lacD 1.643 0.000
D-LACt2 -1.643 0.000
LDH_D -1.643 0.000
EX_etoh 0.000 0.796
ADHEr 0.000 0.796
ETOHt2r 0.000 -0.796
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Figure 7.2: Predicted Fluxes with and without Energy and Redox Balancing. For each of the
evaluated strains the fluxes were predicted using the central isotopomer model and an analogous
model that neglects energy and redox production and consumption terms. The absolute value of
the calculated net fluxes (mmol/gDW/hr) from both isotopomer models were then plotted against
each other where the x-axis are flux values from the central model without energy balancing and
the y-axis are flux values from the central model with energy and redox balancing. Each black
point on a graph represents one reaction in the network. In some cases reactions are not shown
on the graph due to higher flux values (>10) predicted by one or both models. The red line
is used for reference to indicate equal flux values. The table lists the reactions and net fluxes
with large differences in predictions between the two models for the wildtype strain. Reaction
abbreviations used in the figures match those used in Table 7.2.
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expression of pps during growth on glucose has been reported to increase oxygen

and glucose uptake rates in addition to increased by-product secretion (acetate

and pyruvate) suggesting a futile cycle develops [117]. These results would imply

that the central model makes better predictions.

More substantial differences between model predicted flux distributions

were observed for the wildtype strain. Both models predict an incomplete TCA cy-

cle (where succinyl-coA synthetase (SUCOAS) and α-ketoglutarate dehydrogenase

(AKGDH) are not used), and utilization of the glyoxylate shunt and the Entner

Doudoroff pathway. However, quantitative differences between flux distributions

calculated by the two models are apparent (see Figure 7.2). The central model

predicts higher fluxes through glycolysis, the TCA cycle, glyoxylate shunt, and

PEP carboxylase than the centralNoE model. These differences are likely due to

the need to generate energy by the central model, since glycolysis and the TCA

cycle are used to generate ATP. There are also significant differences in the secre-

tion rates for different by-products as well. For the wildtype strain the calculated

secretion rates (ignoring acetate secretion since this flux was measured and used

as a constraint) for by-products are listed in Table 7.3.

Table 7.3: Calculated by-product secretion rates. For each of the three evaluated models (cen-
tralNoE, central, and biosynthetic) the predicted wildtype by-product secretion rates from the
average optimal solution are shown. All units are in mmol/gDW/hr. The secretion rate of acetate
was measured and subsequently fixed to the measured value of 4.6.

By-Product CentralNoE Central Biosynthetic
Acetate 4.6 4.6 4.6
CO2 7.91 8.01 7.56
Ethanol 0 0.8 0
Formate 0 0 0.04
Fumarate 0 2.47 0
Glycerol 3.88 2.6 0.002
D-lactate 1.64 0 2.63
Pyruvate 0 0 4.22
Succinate 0 0 0
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7.2.3 Comparing biosynthetic and central isotopomer model predic-

tions

The biosynthetic model was used to analyze the experimental data for

the same three strains described in the previous section (pgi1, pgi2 and wildtype).

As with the central model, 500 different starting points were used to calculate a

number of different local optima. Fewer local optima were identified (average 51%

of 500) with the biosynthetic model as compared to the central model (average

80% of 500). The biosynthetic model contains the same reactions as the central

model with a few differences in some of the secondary metabolites and cofactors

(see section 7.1.2). In addition the biosynthetic model balances the production

and consumption rates of protons and water which were removed from the central

model reactions. These differences will have minor effects on the calculated growth

rates, but in general the allowable flux solutions for the central model are also

achievable by the biosynthetic model. More significant differences between the

biosynthetic and central models involve the inclusion of biosynthesis reactions for

amino acids, nucleotides, phospholipids, and cofactors in the biosynthetic model.

For the three strains examined the biosynthetic model’s results had a better fit to

the experimental data, where the objective function values were 12 to 25% lower

than those calculated using the central isotopomer model.

Quantitatively the predicted optimal flux distributions through the cen-

tral metabolic pathways differ between the central and biosynthetic isotopomer

models (Figure 7.3). Qualitatively the flux distributions are similar for the wildtype

strain. Both models predict flux through the glyoxylate shunt and through phos-

phoenolpyruvate carboxylase. Both models also predict an incomplete TCA cycle;

a branched TCA cycle has been reported previously for glucose aerobic growth [34]

where energy is supplied by glycolysis and the TCA cycle is not needed to generate

additional energy. The models also predict the utilization of the Entner Doudoroff

pathway and malic enzyme which are normally used during growth on gluconate

and acetate or dicarboxylic acids respectively [60]. A recent independent study of
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Figure 7.3: Differences in Flux Predictions Due to Network Size. Prediction Differences Due
to Network Size. For each of the evaluated strains the fluxes were predicted using the central
isotopomer model and the biosynthetic model which contains essentially all of the central network
reactions. The absolute value of the calculated fluxes (mmol/gDW/hr) from both isotopomer
models were then plotted against each other where the x-axis are flux values from the biosynthetic
model and the y-axis are flux values from the central model. Each black point on a graph
represents one reaction in the network. The red line is used for reference to indicate equal flux
values. Blue circles are used to designate reactions which have large differences in predicted
fluxes. In some cases reactions are not shown on the graph due to higher flux values (>10)
predicted by one or both models and are noted in the upper left hand corners.
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protein levels and enzyme activities showed that the Entner Doudoroff enzymes

are present but malic enzymes are absent [119] during growth on LB medium with

glucose. The discrepancy between model predictions and experimental results for

malic enzyme could be due to differences in strains and/or culture conditions since

the enzyme study used LB medium supplemented with high glucose concentra-

tions while 13C labeling experiments were carried out in glucose minimal medium.

There were not many cases in which one model predicts flux through a reaction

and the other does not, making evaluation of model accuracy difficult. The excep-

tions involve the predicted by-products and reactions involved in producing and

transporting them (see Table 7.3).

For the pgi1 strain the two flux distributions calculated by the biosyn-

thetic and central models seem to differ qualitatively as well as quantitatively.

Both isotopomer models predict the use of the complete TCA cycle, although the

fluxes are six times higher for the central model than for the biosynthetic model

predictions. Both models also predict that the Entner Doudoroff pathway and the

glyoxylate shunt are not used in contrast to predictions for the wildtype strain.

There were some qualitative differences as well, the central model predicts flux

through the malic enzyme reactions (ME1 and ME2) and phosphoenolpyruvate

carboxykinase (PPCK) while the biosynthetic model does not predict flux through

any of these reactions. Since both the central and biosynthetic model solutions pre-

dict flux through phosphoenolpyruvate carboxylase (PPC) it would appear strange

that the cell would also use PPCK creating a futile cycle as predicted by the central

model. The biosynthetic model also predicts that in the pgi1 strain oxaloacetate is

converted back into fumarate through the combined action of aspartate transami-

nase and aspartase (both reactions are absent from the central isotopomer model).

The net effect of fumarase + malate dehydrogenase + aspartate transaminase +

aspartase + glutamate dehydrogenase is the transhydrogenase reaction (the trans-

fer of electrons from NADPH to NAD). Since this transhydrogenase reaction is in

the biosynthetic model and since none of the 5 mentioned reactions mix carbon
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atoms between metabolite pools it is likely that this cycle could be removed with-

out any effect on the calculated objective function. Analysis of alternate optimal

solutions would confirm this hypothesis.

The optimal solutions identified for the pgi2 strain from both models had

very low growth rates (0.05 hr−1, which was the lower limit set on the biomass

flux), which was substantially smaller than the experimentally measured growth

rate of 0.523 hr−1. The growth rate standard deviations were higher for wildtype

(0.02) than pgi2 (0.009) so it is unlikely that difference in standard deviations

in the objective function forces the selection of a slow growing solution for pgi2.

Altering the objective function such that the growth rate measurement has a higher

weighting than the combined MDV measurements would lead to identification of

more realistic flux distributions for this strain. Since both models identified poor

solutions no further analysis of the pgi2 data and solutions will be presented.

Some recent studies have shown that key flux splits can be back cal-

culated from the MDV data and used to constrain the allowable flux distribu-

tions [51, 52, 73]. This approach has been presented as a computational alterna-

tive to using isotopomer models to solve for intracellular flux distributions since

the results were similar when modeling a central metabolic network. These key

flux splits were calculated directly from the optimal solutions identified by the

two isotopomer models. The two isotopomer models predict different values for

these flux splits (Table 7.4), especially for the amount of oxaloacetate derived from

phosphenolpyruvate, indicating that the back calculation of flux distributions by

fixing these flux splits will likely lead to incorrect flux distributions.

7.2.4 Flux variability across local minima

For the strains that were analyzed using the biosynthetic isotopomer

model there was one optimal solution, which had the smallest value for the ob-

jective function relative to the other identified local optima. To investigate how

much the added isotopomer data reduces the range of potential flux values, groups
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Table 7.4: Calculated flux splits. For each of the evaluated models (central and biosynthetic) the
flux splits were calculated from the absolute minima. The flux splits correspond to the amount
of pyruvate generated by the Entner Doudoroff pathway, the amount of oxaloacetate arising from
phosphoenolpyruvate, and the amount of phosphoenolpyruvate arising from oxaloacetate.

Flux Split Central Biosynthetic
Pyruvate from ED Pathway

pgi1 0 0
pgi2 0 0
wildtype 0.05 0.02

Oxaloacetate from Phosphenolpyruvate
pgi1 0.40 0.01
pgi2 0.45 0.02
wildtype 1.0 0.61

Phosphenolpyruvate from Oxaloacetate
pgi1 0.025 0
pgi2 0 0
wildtype 0 0

of suboptimal solutions were analyzed to see what range of flux values were rep-

resented by these solutions. These suboptimal solutions corresponded to local

minima within 1% and 5% of the observed minimum objective value. The allow-

able range of fluxes was identified through flux variability analysis, where each flux

was individually maximized and minimized given constraints on the uptake and

secretion rates (the isotopomer balance equations were ignored in the calculation

of allowable flux ranges). The observed ranges of values across a group of subop-

timal solutions was determined for each flux and divided by the allowable range

to provide a measure of how much the incorporation of the 13C data restricted

flux values. Figure 7.4 shows the histograms for the relative flux ranges (observed

range/allowable range) through the reactions in the network for the different groups

of suboptimal solutions.

The suboptimal solutions for the wildtype data show less flux variability

than the pgi1 local optima, both for the 1% and 5% groups of suboptimal solutions.

In addition there were fewer suboptimal solutions in these two groups for the

wildtype solutions as compared to pgi1. For the wildtype solutions the fluxes
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Figure 7.4: Flux Variability in Suboptimal Solutions. The allowable flux ranges were calculated
using flux variability analysis where only stoichiometric mass balance, thermodynamic, and ex-
change flux constraints were applied. Analysis of groups of suboptimal solutions, local optima
that fell within 1% (labeled 1.01) and 5% (labeled 1.05) of the observed minimum objective value,
allowed for the determination of observed flux ranges in suboptimal solutions. The two graphs
show the histograms of the relative ranges (observed range/allowable range) for the 269 biosyn-
thetic reactions in the two sets of suboptimal solutions. The number of suboptimal solutions
that fall within each category are shown in parenthesis in the legends.
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with higher variability (relative flux range greater than 0.5) involved reactions

with alternate pathways. For example, alanine can be generated from glutamate

and pyruvate either by glutamic-pyruvic transaminase or by the combined action

of transaminase B and C. The net transformation for these two pathways are

equivalent and again will likely generate alternate solutions for the optimal and

suboptimal cases, where the same value of the objective function is achieved by

different flux distributions (although no alternate optimal solutions were calculated

by the biosynthetic model). The histogram peak at 0.2 in Figure 7.4 for the local

optima within 5% of the minimum is attributed to reactions that are coupled to

the biomass reaction, where the flux through the biomass reaction fixes the fluxes

through these other 60 or so reactions. None of the studied suboptimal solutions

showed any secretion of ethanol, fumarate, or succinate; other by-product secretion

rates (formate, CO2, D-lactate, and pyruvate) varied across local optima within

1% or 5% of the optimal solution.

The results were different for the pgi1 suboptimal solutions. Overall there

was greater flexibility in the fluxes between the local optima for this dataset. Even

suboptimal solutions within 1% of the observed minimum showed significant flex-

ibility. A number of the highly variable fluxes (relative flux range greater than

0.5) involved some of the alternate pathways that appeared in the wildtype local

optima, but a large portion involved oxidative phosphorylation reactions and other

reactions connecting to this metabolic subsystem. The end result of the utiliza-

tion of these different reactions (hydrogenase, formate hydrogen lyase, transhy-

drogenase, cytochrome oxidases, fumarate reductase, and others) is that different

amounts of ATP are produced via ATP synthase. Other highly variable fluxes are

observed through malate dehydrogenase, fumarase, and fructose-bis phosphatase

which are all central metabolic reactions. The only flexibility in the by-product

secretion rates was for CO2 (relative range = 0.04 for 5% solutions) and the flexi-

bility in the growth rate flux was lower than that for the wildtype strain (0.08 vs

0.20 for 5% solutions).
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7.3 Sampling of the MDV solution space

The previous section presented results from calculating distributions us-

ing experimental measurements. This section describes results from the opposite

calculation, where measurable MDV values are calculated from flux distributions.

This was done to investigate the range of experimental values the isotopomer mod-

els can account for and to identify potentially correlated experimental measure-

ments. In addition, results are presented that show how the experimental values

would change for the same flux distribution given different glucose isotopomer

mixtures as sole carbon source.

7.3.1 Calculating theoretical MDV values

To explore the range of possible MDV values across the steady state so-

lution space, a set of 4,000 randomly generated flux distributions for each network

(biosynthetic and central) was used to fix flux levels and then solve the IDV balance

equations for the corresponding IDVs. A random walk (artificial centering hit and

run) algorithm was used to generate these flux distributions [155], where the glu-

cose uptake rates were limited to values between 9.95 and 10.05 mmol/gDW/hr.

To ensure high growth rate flux distributions were chosen (since the sampling

algorithm is biased towards low growth flux distributions), 500 random flux distri-

butions were calculated for different defined ranges of growth rates for a total of

4,000 flux distributions.

Having the fluxes as parameters rather than variables drastically reduces

the number of non-linearities in the IDV balance equations. CONOPT was used

to solve for the IDVs by fixing flux values to a randomly generated steady-state

flux distribution (satisfying mass balance constraints, Equation 2.2), fixing the

extracellular glucose IDV to 20% uniformly labeled and 80% C1 labeled glucose,

and using an objective function of Error = 0. Solving the isotopomer balance

equations for the central model took 3 seconds per flux distribution as compared
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to 10 minutes per flux distribution to solve the isotopomer balance equations for

the biosynthetic model.

The corresponding MDVs for each flux distribution were then calculated

based on the resulting IDVs. Histograms for the theoretical MDV values, corre-

sponding to each peak detected using GC-MS for the 40 amino acid fragments

generally measured, are shown for the central isotopomer model (Figure 7.5) and

for the biosynthetic isotopomer model(Figure 7.6). The mean values for each of

the 206 measured MDV elements predicted using the biosynthetic and central iso-

topomer models were very similar. Other statistical properties relating to each of

the 206 MDV elements are shown in Figure 7.7. The average standard deviations

for the MDV elements calculated using the biosynthetic model was surprising lower

than that of the central model (Figure 7.7, panel C). However, this result is likely

due to the sampling procedure. Panels A and B in Figure 7.7 show that the 4,000

sampled flux distributions for the biosynthetic model do not span the range of

feasible flux values as much as those for the central model. While the standard

deviations for the MDV elements are smaller for the biosynthetic model, the ob-

served range (maximum minus minimum observed values) for each element were

larger for the biosynthetic model (Figure 7.7, panel D). This latter fact illustrates

that the biosynthetic model allows for a wider range of MDV values which would

thereby allow for a better fit to the experimental data.

7.3.2 Correlated MDV elements

The two sets of theoretical MDVs for the 20%[U-13C]-80%[1-13C] glucose

experiments (calculated by the biosynthetic and central models) were analyzed

individually to identify correlated theoretical measurements. The correlation co-

efficient (R) was calculated for each pair of calculated MDV elements. Correla-

tions between complete fragments are depicted in Figure 7.8 for both models. For

the central model, there were 51 perfectly correlated (R=1) MDV elements and

45 highly correlated MDV elements (0.99<R<1). These perfectly correlated ele-
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Figure 7.5: Central Isotopomer Model MDV Histograms. A set of 4,000 random flux distributions
was used to calculate theoretical MDV measurements. Shown here are the histograms for each
of the 206 measured MDV elements calculated using the central isotopomer model. The MDV
elements for each amino acid fragment are shown together, keep in mind that the sum of the
MDV elements for a fragment must equal one. The number of GC-MS peaks that are measured
for each fragment (which is equal to the number of carbon atoms plus one) are indicated above
the graph in parenthesis, eg. alaL m57(4) indicates that for the m57 fragment of alanine there
are 4 peaks.
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Figure 7.6: Biosynthetic Isotopomer Model MDV Histograms. A set of 4,000 random flux dis-
tributions was used to calculate theoretical MDV measurements. Shown here are the histograms
for each of the 206 measured MDV elements calculated using the biosynthetic isotopomer model.
The MDV elements for each amino acid fragment are shown together, keep in mind that the
sum of the MDV elements for a fragment must equal one. The number of GC-MS peaks that
are measured for each fragment (which is equal to the number of carbon atoms plus one) are
indicated above the graph in parenthesis, eg. alaL m57(4) indicates that for the m57 fragment
of alanine there are 4 peaks.
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Figure 7.7: Comparisons Between MDV Values From Two Isotopomer Models. A set of 4,000
random flux distributions was used to calculate theoretical MDV measurements using both the
central and biosynthetic isotopomer models. Panel A shows histograms for the flux ranges ob-
served in the sampled points relative to the actual flux ranges across the entire sampled solution
space for the central isotopomer model. Panel B shows the same measurement but for the sam-
pled flux distributions for the biosynthetic isotopomer model. The sampled flux distributions
from the biosynthetic model do not span the range of flux values as well as the sampled flux
distributions for the central model. Panels C and D show properties from the calculated MDVs
based on sampled flux distributions from the two isotopomer models. Each of the 206 measurable
MDV elements are represented as individual circles, where Panel C shows the standard deviations
of these elements calculated from the biosynthetic versus the central model and Panel D shows
the ranges these elements can take. The ranges are calculated as the maximum value observed
for each MDV element in Figures 7.5 and 7.6 minus the minimum observed value.
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ments involved complete MDV vectors for: (1-3) tyrosine and phenylalanine (m85,

m159, and f302 fragments); (4-5) proline, glutamate, and glutamine (m57 and m85

fragments); (6) serine (f302) and glycine (m57); (7) lysine (m159) and isoleucine

(m85); and (8-9) threonine, aspartate, and asparagine (m85 and m57 fragments).

Not surprisingly for the central model results all of these correlated sets of ele-

ments group according to common central intermediate precursors. Other highly

correlated (R>0.99) complete fragments were between: (10) proline (m57) and

lysine (m159); (11) proline (m57) and isoleucine (m85); (12) glutamate and gluta-

mine (m57) and lysine (m159); (13) glutamate and glutamine (m57) and isoleucine

(m85); (14) glutamate and glutamine (f302) and threonine (sc). Other highly cor-

related peaks were identified for partial fragments, such as leucine (m15 peak mo)

and alanine (m85 peak mo).
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Figure 7.8: Correlations Between Complete Amino Acid Fragments. Correlation coefficients were
calculated for each pair of MDV elements for both model datasets independently. Perfect corre-
lations (R=1) between complete amino acid fragments were observed between MDVs calculated
by the central model (relationships are indicated with a dashed black line). High correlations
(0.99<R<1) between complete amino acid fragments were observed between MDVs calculated
by the central model (relationships are indicated with a solid black line) and the biosynthetic
model (relationships are indicated with a solid grey line).
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For the biosynthetic model there were no perfectly correlated elements,

but there were 92 highly correlated (R>0.99) MDV elements. Eight out of the

fourteen correlated complete fragments identified by the central model were also

highly correlated in the biosynthetic model. In addition high correlation was ob-

served in the biosynthetic model between serine (f302) and phenylalanine (f302)

and serine (f302) and tyrosine (f302). The remaining 38 correlated MDV elements

involve correlations between individual GC-MS peaks, but not complete fragments.

These correlation coefficients are likely to change as the number of sampled flux

distributions and MDVs increases. This will especially be true for the biosynthetic

model where the sampled fluxes have only captured a small range of the possible

flux values (Figure 7.7, panel B).

7.3.3 Optimal design strategies

The MDV histograms shown in Figures 7.5 and 7.6 were calculated as-

suming that 20% of the glucose is uniformly labeled and 80% is labeled at C1.

To investigate whether other mixtures of 13C glucose could broaden the MDV his-

tograms the same set of 4,000 central flux distributions were used to simulate theo-

retical MDVs based on different labeling scenarios (20%[U-13C]-80%[2-13C], 20%[U-

13C]-80%[3-13C], 20%[U-13C]-80%[4-13C], 20%[U-13C]-80%[6-13C], 20%[U-13C]-20%

[6-13C]-60%[1-13C], 20%[U-13C]-30%[6-13C]-50%[4-13C]). A broader histogram indi-

cates that there are potentially more MDV states for a given set of flux distributions

and would imply that the back-calculation of fluxes would be more unique. Other

studies have looked at ways to optimize the mixture of substrate isotopomers by

evaluating flux confidence regions [4, 98] and by evaluating theoretical MDVs for

alternate optimal growth solutions [120]. This method differs from the latter in

that suboptimal growth solutions are evaluated, which is more realistic for growth

on glucose where acetate is normally produced.

The standard deviations for each of the 206 theoretical MDV elements

(from 40 amino acid fragments) were calculated based on different glucose com-
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positions. Figure 7.9 shows the theoretical standard deviations for each of the

206 MDV elements calculated from different isotopomer distributions of glucose.

The average standard deviation of the measured MDV elements was 0.0158 for the

commonly used medium composition of 20%[U-13C] and 80%[1-13C]. The average

standard deviation decreased if C2 or C3 labeled glucose was used instead of C1

(values were 0.0141 and 0.0147 for C2 and C3, respectively). However, higher

average standard deviations were observed if C4 or C6 labeled glucose was used

instead of C1 (0.0171 and 0.0187 respectively). It would appear that either of

these isotopomers would be a better choice to use when carrying out these exper-

iments, but they have the setback of being significantly more expensive. These

results were all generated from the central model since it is faster to solve than

the biosynthetic model. Since the biosynthetic model encompasses the metabolic

capabilities of the central model it is anticipated that the C4 and C6 labels would

also increase the standard deviations for MDVs calculated by the the biosynthetic

model predictions.

7.4 Discussion

This chapter focuses on the analysis of different metabolic isotopomer

models that are built based on different assumptions: (1) a central model that

ignores energy and redox balancing, (2) a central model that assumes linear biosyn-

thesis of amino acids, and (3) a biosynthetic model that accounts for amino acids

biosynthesis reactions and nucleotide, phospholipid, and cofactor biosynthesis. The

biosynthetic model is the most comprehensive of the three models since it accounts

for more metabolic capabilities of the organism and it accounts for the production

and consumption of central intermediates by the biosynthetic reactions.

The biosynthetic and central isotopomer models were used to predict in-

tracellular flux distributions based on measured uptake and secretion rates and

MDV data from GC-MS experiments, as well as to explore theoretical GC-MS
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measurements. Analysis of isotopomer model solutions for three different experi-

mental data sets showed that (1) the results from the models are highly dependent

on the metabolic network that the model is built from, and (2) the experimental

data is sufficient to eliminate a large portion of flux distributions, however, devia-

tions from optimality can result in significant differences in the calculated fluxes.

Sampling of the flux space and subsequent calculation of theoretical experimental

measurements illustrated that the range of MDV data that can be explained by the

isotopomer models is larger for the biosynthetic isotopomer model. Further analy-

sis showed that other glucose isotopomer mixtures can produce larger standard

deviations in the experimental data and that correlations between experimental

MDV measurements can be identified.

The calculated intracellular fluxes were highly dependent on which iso-

topomer model and, therefore, network reconstruction was used. The most signifi-

cant differences in fluxes were between those calculated using the biosynthetic and

central isotopomer models. In some cases the qualitative patterns of reaction usage

were similar between model predictions, but significant quantitative differences in

fluxes were observed for all three analyzed datasets. While the biosynthetic model

can account for a wider range of experimental values it might do so at the expense

of predicting fluxes through reactions which do not occur experimentally.

The solutions calculated by both of these models are questionable. As was

highlighted earlier in the case for the pgi2 strain, both models predict a significantly

lower growth rate than was measured experimentally. The biosynthetic and central

isotopomer models often predict different by-product secretion patterns. For the

wildtype strain only acetate secretion was measured experimentally; however, both

models predict the secretion of other by-products (Table 7.3). Acetate is generally

considered to be the dominant, if not only, by-product generated during aerobic

growth on glucose [16]. However, during anaerobic growth other by-products such

as lactate, ethanol, formate, and succinate are known to be produced. Preliminary

analysis found that the isotopomer models poorly predict known by-product se-



115

cretion rates correctly when the measurements are used in the objective function

and not used as constraints. Given the seemingly unrealistic predicted by-product

secretion rates by both isotopomer models, it appears that measuring all of the

exchange fluxes between the cell and medium (and thereby monitoring the ex-

ometabolome [80]) will be required to further constrain the isotopomer models so

that more realistic physiological flux distributions are calculated.

The fluxes appear to be significantly constrained by inclusion of the GC-

MS experimental data, even for slightly suboptimal solutions. However, the analy-

sis of suboptimal solutions also showed that the flux distributions calculated by

the model can differ significantly if the global minimum is not properly identified.

Non-linear programming methods and genetic algorithms can only guarantee local

optimal solutions and not a global optimal solution. Consequently, it is impor-

tant that enough starting points are used to ensure that the global minimum is

identified. The sensitivity of the fluxes to changes in optimality criteria implies

that small changes in the experimental measurements could lead to substantial dif-

ferences in the calculated flux distributions. Some studies have recalculated flux

distributions using random data points based on the measured variables and their

standard deviations to get confidence intervals for fluxes [177, 166]; however, this

has yet to be done for the results described in this chapter.

Sampling of the allowable flux space can be used to explore the corre-

sponding MDV space. Analysis of theoretical MDV values for the biosynthetic

and central isotopomer models showed that the observed ranges these values can

take was in general larger for the biosynthetic model. This implies that the biosyn-

thetic model will be able to account for a larger range of experimental data, thus

having better agreement with the experimental measurements. This agrees with

the finding that the observed minimum error values were smaller for the biosyn-

thetic isotopomer model than the central isotopomer model. While the theoretical

MDV ranges observed from the biosynthetic model were larger than those for the

central model, the standard deviations for the individual theoretical measurements
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was smaller. This is likely due to inadequate sampling of the flux space, since for

many fluxes in the biosynthetic model the sampled maximum and minimum values

were much smaller than the allowable maximum and minimum flux values (Fig-

ure 7.7, panels A and B). Other sampling methods could be used to ensure that

the edges of the space are adequately sampled; the current sampling method has a

hard time sampling the narrow regions of the flux space and instead favors points

that are in the larger regions of the flux space.

The theoretical MDV values were also used to identify correlated MDV

elements and those that were correlated for entire fragments were highlighted ear-

lier (Figure 7.8). A number of these correlated fragments involved amino acids that

are derived from common metabolic precursors such as phenylalanine and tyrosine.

These correlations can be used to evaluate the consistency between experimental

measurements, for example phenylalanine and tyrosine fragments should be equiv-

alent. In the future correlations can also be evaluated between fluxes and MDV

elements to see how the utilization certain fluxes affects the labeling patterns in

measured amino acids.

Future isotopomer studies should include further sampling and charac-

terization of the MDV space such that the entire flux space and corresponding

MDVs are adequately represented. In addition alternate optimal solutions in the

calculation of flux distributions should also be studied, as they are likely to exist.

Calculating the alternate optima could implemented in a couple of ways by maxi-

mizing and minimizing individual fluxes after, (1) adding an additional constraint

that the objective function has a fixed minimal value, (2) adding constraints that

set the calculated MDVs and growth rates to the observed values, or (3) adding

constraints that fix the IDVs to the those identified an observed minimum. While

(1) and (2) would allow for the calculation of larger flux variability in that alter-

nate optima, they will be challenging since they are also non-linear programming

problems. The last method (3) has an advantage over the first two in that the

non-linear problem is reduced to a linear problem where you could guarantee find-
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ing the range of values a flux could take given a set of IDVs as parameters in

the isotopomer balance equations. This last case would prove whether there are

alternate optima, but it could find alternate optima with different IDV values.

The text of this chapter, in full, is a reprint of the material as it will likely appear in

J.L. Reed and B.Ø. Palsson. 2005. Assessment of theoretical isotopomer measure-

ments for experimental design and evaluation of data consistency. In Preparation.

I was the primary author of the publication and the co-author participated and

supervised the research which forms the basis for this chapter.



Chapter 8

Model Driven Discovery of

Metabolic Pathways

Genome sequencing and annotation efforts have provided hundreds of

sequenced and annotated genomes. Most annotations are generated based on se-

quence homology across species using BLAST or its variants [3], but these annota-

tions are still hypothesis [106], since they have not proven experimentally. Roughly

20% of the genes in E. coli still have unknown or putative gene annotations and a

number of these have predicted metabolic activities [147]. Other organisms have

substantially larger fractions of unknown or putative genes, for example 46% of

Thermotoga maritima genes have unknown functions [103]. Non-homology based

methods, referred to as context-based methods, predict a gene’s cellular function

based on genomic patterns across multiple genomes. These include gene neighbor

[18], gene cluster [107, 108], Rosetta stone [49, 95, 96], and phylogenetic pro-

files [118, 174]. Experimental data, including gene expression [82, 152, 168] and

protein-interaction maps [79], can be used to identify functionally related proteins

and provide hints for the function of unannotated genes.

The field of systems biology seeks to analyze or reconcile diverse types of

biological data within a computational framework. So far the types of data that

have been analyzed for metabolic networks include: genome annotations, gene

118
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expression data, protein-protein interaction data, metabolite concentrations, and

phenotypic data (TF network- ChIP-chip data). The models that are developed

to analyze these types of data all arise from a network reconstruction of the known

components and their interactions. A reconstruction is typically limited to what

is currently known about the system of interest. Iterative model building methods

are beginning to be developed that take an initial reconstruction and experimental

data, and through the reconciliation of the model and the data, lead to model

refinements and experimentally testable hypotheses regarding the biological system

[33, 76]. Such a method is presented here, where high-throughput phenotyping data

is used to analyze the reconstructed metabolic network for Escherichia coli.

Phenotype Microarray (PM) data is currently available for wildtype [14]

and mutant strains of E. coli [64, 178] where the strains are screened for the growth

on a variety of different carbon, nitrogen, phosphate, and sulfur sources. The PM

data for wildtype growth on different carbon and nitrogen sources is used to iden-

tify potentially missing reactions from a reconstruction of the E. coli metabolic

network (iJR904). By comparing the experimental data to model growth predic-

tions, a number of metabolic and transport activities were identified, which are

predicted to occur in the bacteria but can not be reconciled with the current liter-

ature. Putative enzymatic activities were identified that would allow for model and

experimental agreement, and some of these activities were tested providing more

information regarding the metabolism of an already well studied microorganism

(see Figure 8.1).

8.1 Computational and experimental methods

8.1.1 Metabolic network and universal database

A previously published reconstruction of E. coli metabolism was used as a

base model in the simulations[130]. This reconstructed network, further described

in Chapter 4, accounts for 904 genes and includes 931 metabolic and transport
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Figure 1.  Iterative Approach

min. ∑ai +∑bj

such that:
S·v+U·y+X·z = 0 (1)
vbiomass > 0.05 (2)
vmin ≤ v ≤ vmax (3)
ai·ymin,i ≤ yi ≤ ai·ymax,i (4)
bj·zmin,j ≤ zj ≤ bj·zmax,j (5)
a,b Є {0,1} (6)

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

∑a+∑b ≤ a·an + b·bn -1 (7)
where n=1...k-1
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Figure 1.  Overview of methods for identifying missing enzymatic and transport reactions 
from the reconstructed network. Starting with a network reconstruction and its corresponding S
matrix, growth predictions can be made and compared to a set of high-throughput growth 
experiments.  For environmental conditions where the model does not predict growth, but the 
microorganism grows experimentally (red spot on the plate) a set of reactions from a universal 
database can be identified that allow for growth computationally, leading to an expanded 
theoretical S matrix.  Testing of deletion strains can be used to identify genes responsible for the 
added enzymatic activities, which can then be overexpressed and gene products biochemically 
characterized. 
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Figure 8.1: Computational Predictions and Experimental Validation of Missing Reactions.
Overview of methods for identifying missing enzymatic and transport reactions from the re-
constructed network. Starting with a network reconstruction and its corresponding S matrix,
growth predictions can be made and compared to a set of high-throughput growth experiments.
For environmental conditions where the model does not predict growth, but the microorganism
grows experimentally (red spot on the plate) a set of reactions from a universal database can be
identified that allow for growth computationally, leading to an expanded theoretical S matrix.
Testing of deletion strains can be used to identify genes responsible for the added enzymatic
activities, which can then be overexpressed and gene products biochemically characterized.
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reactions and 625 metabolites. An available universal database of reactions was

used [122] as a source for potential missing metabolic reactions; this universal

database contains 3,916 elementally balanced (except with respect to hydrogen

atoms) metabolic reactions from KEGG [77].

Both reaction sets (iJR904 and the universal database) were stored in

a matrix format, where each row corresponds to a different metabolite and each

column to a different reaction; the elements in a column are the stoichiometric

coefficients for a given reaction. The number of unique metabolites between the

two reaction sets was 3,516. The resulting matrix for iJR904, S, was 3,516 x

1,108 (including biomass and exchange reactions) and the matrix for the universal

database, U, was 3,516 x 3,916. The reaction directionality for the universal

database was derived from KEGG [77], with 2,229 out of 3,916 reactions being

reversible. In addition a diagonal exchange reaction matrix, X, was generated (of

size 3,516 x 3,516) where the diagonal elements are -1. This exchange reaction

matrix allows metabolites to enter and exit the system defined by the metabolic

networks.

8.1.2 High-throughput phenotypic data

Growth phenotyping data for the wildtype K-12 MG1655 E. coli strain

was measured using Phenotype Microarray technology (Biolog) and was available

on the company website. In addition, phenotypic data for 212 mutant strains was

available through the ASAP database [64].

8.1.3 Algorithm for identifying candidate metabolic reactions

For each growth condition (carbon source or nitrogen source) the algo-

rithm described below calculates the minimum number of reactions that need to

be added from U and X to allow for growth. The problem statement below is very

similar to the one developed for calculating the minimum number of reactions

needed for biomass production or cellular growth [19, 20].
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minimize
∑

k

ak +
∑

l

bl (8.1)

such that S · v + U · y + X · z = 0 (8.2)

vbiomass ≥ 0.05 hr−1 (8.3)

vmin ≤ v ≤ vmax (8.4)

ai · ymin,i ≤ yi ≤ ai · ymax,i (8.5)

bi · zmin,i ≤ zi ≤ bi · zmax,i (8.6)

a,b ∈ {0, 1} (8.7)

∑
a +

∑
b ≤ a · an + b · bn − 1, where n = 1 · · · k − 1 (8.8)

Where S, U, and X are the iJR904, universal database, and exchange

matrices as described above. The binary vectors, a and b, indicate which reactions

need to be added to the network from U and X respectively to enable growth. A

non-zero value in a indicates an added enzymatic reaction, while a non-zero entry

in b indicates an added transport reaction. The elements of v, y, and z are the

fluxes through the iJR904, universal database, and exchange reactions respectively.

Equation 8.2 is a mass balance constraint that forces the rates of metabolite pro-

duction and consumption to be equal. Equation 8.3 ensures a positive growth rate.

Equations 8.4-8.6 place limits on the upper and lower bounds for the individual

fluxes. The elements of ymin and ymax were 1000, 0, or -1000 (mmol/gDW/hr)
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depending on reaction directionality. The elements of zmin and zmax were always

0 and 1000 respectively indicating that any metabolite could be secreted, except

for the element corresponding to the exchange of the simulated carbon or nitrogen

source which were -10 for both zmin and zmax. The elements of vmin and vmax

were the same as those described previously [130]. Equations 8.2-8.7 are sufficient

to calculate a single solution; in order to calculate multiple solutions, an iterative

approach developed by Burgard and Maranas was used [19, 20], where at each

iteration additional constraints are added based on previous solutions. These ad-

ditional constraints are represented by equation 8.8, where an and bn are the a

and b vectors from iteration n. For each growth environment only the first 20

missing reactions sets were calculated.

8.1.4 Sequence analysis

Protein sequences were collected from SwisProt, Trembl, and NCBI for

transporters and enzymatic activities identified by the MILP algorithm. For

searches based on multiple sequences, MEME [7] was used to generate a con-

sensus sequence which was compared against the E. coli genome using MAST [8].

For searches based on single sequences, BLAST was used through the SEED data-

base [145]. For enzymes with no known sequences the PROLINKS database [18]

was used to identify genes based on context-based methods.

8.1.5 E. coli strains

A number of the single gene knockout strains used in this study were

generated by Hirotada Mori’s group in Japan and were available from Andrei

Osterman’s lab at the Burnham Institute (La Jolla, CA). The parental strain

for all the mutants was BW25113 [35] and was obtained from the CGSC. This

parental strain has deletions of the rhaBAD and araBAD metabolic operons. The

K-12 MG1655 strain was also obtained from the CGSC.
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8.1.6 Phenotyping experiments

All carbon sources were tested using a concentration of 2 g/L carbon

source in M9 minimal medium. For the nitrogen sources, the medium contained

2 g/L of nitrogen source in a W-salt minimal medium with 2 g/L of succinate

as the sole carbon source. All compounds listed in Table 1 were purchased from

Sigma-Aldrich except for 2-ketobutyrate and D-galactono-gamma-lactone, which

were obtained from TCI America. Precultures were done in either LB media,

glucose M9 media (2g/L), or succinate M9 media (2g/L). Wildtype and mutant

growth was measured for batch culture using erlenmeyer flasks, Bioscreen C, and

VersaMax. All growth testing was done at 37C.

8.1.7 HPLC analysis

HPLC analysis of the growth media was conducted for wildtype and mu-

tant strains growing on thymidine as a sole carbon source. An anion-exchange

column was used to separate medium components on a Waters HPLC system. UV

absorbances of the effluent were measured at 254nm and 210nm. 5M H2SO4 was

used as eluent with a flowrate of 0.5 mL/min, each sample was run for 35 minutes.

Standards for thymidine and thymine showed that they eluted off the column at

17 and 29 minutes respectively.

8.2 Computation and experimental results

Analysis of the Biolog plates PM1, PM2, and PM3 for the MG1655 wild-

type strain showed that 80 different compounds can support growth as the sole

carbon source and that 56 compounds can support growth as the sole nitrogen

source. The iJR904 model predicts that 46 (out of 80 verified carbon sources)

and 37 (out of 56 verified nitrogen sources) of these compounds can be used as

a sole carbon or nitrogen source for growth respectively. This indicated that the

metabolic network reconstruction could not account for wildtype growth in 53
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Table 8.1: Selected Biolog and model discrepancies. Subset of environmental conditions which
support growth experimentally but are not predicted to computationally. Condition refers to
whether it is a carbon or nitrogen source. Enzyme indicates whether metabolic reactions are
missing. Transport indicates whether transport reactions are missing. WT Growth indicates
whether subsequent testing of wildtype strain, MG1655, grows in batch culture.

Compound Condition Enzyme Transport WT Growth
Thymidine Carbon No Yes Yes

D-galactonate-gamma-lactone Carbon Yes Yes Yes
L-galactonate-gamma-lactone Carbon Yes Yes Yes

D-malate Carbon Yes Yes Yes
Lyxose Carbon Yes Yes No

2-hydroxybutyrate Carbon Yes Yes No
Phenylalanine Nitrogen Yes No Mixed

Xanthine Nitrogen Yes No No
5-keto-D-gluconate Carbon No Yes Yes

2-ketobutyrate Carbon No Yes No
Propionate Carbon No Yes Yes
Agmatine Nitrogen No Yes Weak
Citrulline Nitrogen No Yes Weak

positive growth environments, suggesting that metabolic and transport reactions

are missing from the reconstructed network. Since this network was reconstructed

from the available literature, it implies that many of these transport and enzymatic

capabilities have probably not been reported in the literature for this organism.

After searching the literature, only 4 of these 53 cases could be easily

resolved: fructose-6-phosphate,β-D-allose, glucose-1-phosphate, and L-cysteine. A

transport reaction for fructose 6-phosphate is missing from the iJR904 network and

this is known to be carried out by the hexose phosphate transporter, UhpT [94].

The transport and degradation pathway needed for β-D-allose has been well char-

acterized as well. A periplasmic phosphatase (agp) can cleave the phosphate from

glucose 1-phosphate and the resulting glucose can then be transported into the cell

explaining growth on this compound. The degradation of cysteine in iJR904 leads

to the generation of H2S, and two different possibilities exist for the elimination of

H2S either secretion or oxidation, both of which have been included in an updated

metabolic network (iMC1010). All of these reactions can be directly added to



126

subsequent network reconstructions of E. coli metabolism.

The remaining 49 cases could not be explained by the current E. coli

literature. These 49 cases are interesting since they point to possible enzymatic

or transport reactions that have not yet been characterized in E. coli. A universal

reaction matrix was used as a source of new reactions by the algorithm described

above to identify the minimal number of reactions needed from the universal matrix

to allow for predicted growth by the model (Figure 8.1). This universal reaction

matrix was made up of the elementally balanced reactions from KEGG [122]. Al-

ternative reaction sets can be identified using by iteratively applying the algorithm

with some additional constraints. For 16 of the 49 cases no corresponding com-

pounds could be identified in the KEGG database and for 7 other cases none of the

KEGG balanced reactions could explain growth. However, for the remaining 26

cases potentially missing metabolic and/or transport activities that would allow

for growth were identified. A subset of these cases (13 out of 25) were further stud-

ied experimentally (Table 8.1) in hopes to identify the genes that are responsible

for the missing metabolic and transport activities.

For each of the thirteen cases listed in Table 8.1, the compounds were

tested to see if they could support growth of the sequenced wildtype strain MG1655

and/or the parental strain for an available collection of single knockout mutants,

BW25113. Two different high-throughput growth rate measuring systems (Ver-

samax and a Bioscreen C) were used that monitor the optical density at 600nm

over time. E. coli was unable to grow on xanthine as sole nitrogen source and

2-hydroxybutyrate, 2-ketobutyrate, or lyxose as sole carbon sources, all of which

showed positive growth in the Biolog data. Discrepancies with the Biolog data

could be due to differences in strains, preculture conditions, or medium formula-

tions or they could be false positives in the Biolog assay (which measures cellular

respiration as an indicator for growth). Mixed results for growth on phenylalanine

as a sole nitrogen source were found. A number of pathways were identified for

utilization of phenylalanine as sole nitrogen source, but the wildtype and parental
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strains would not grow consistently on phenylalanine. The remaining eight cases

(propionate, 5-keto-D-gluconate, citrulline, agmatine, thymidine, D-malate and D

and L-galactonate-gamma lactone) showed growth for the wildtype and mutant

parental strains.

8.2.1 Propionate, 5-keto-D-gluconate, agmatine and citrulline

Growth on propionate and 5-keto-D-gluconate as sole carbon sources and

citrulline and agmatine as sole nitrogen sources can all be explained by adding

a transporter for these metabolites to the metabolic network since the cytosolic

forms of the metabolites are already accounted for in the current reconstruction,

iJR904. Both the wildtype (MG1655) and the mutant parental strain (BW25113,

an isogenic strain of MG1655 with ∆rhaBAD and ∆araBAD deletions) grew under

these conditions, confirming the Biolog data. Fourteen single knockout mutants of

known or putative transporters were screened on a Bioscreen C for altered batch

growth behavior on one or more of these growth environments. Of these only two

mutants showed a reduction in growth rates: ∆putP for growth on propionate

and ∆idnT for growth on 5-keto-D-gluconate (Figure 8.2). PutP encodes a known

proline transporter and shows sequence similarity to mctP encoding a known pro-

pionate transporter in Rhizobium leguminosarum [72]. IdnT transports idonate

which is converted into 5-keto-D-gluconate by the first enzyme in the L-idonate

degradation pathway [11]. The biolog data indicates weak growth for citrulline and

agmatine, which was observed in our experiments, and we did not observe altered

growth for any of the mutants tested with these two nitrogen sources.

8.2.2 Thymidine

The Biolog data indicates that thymidine can be used as a sole carbon

source by the MG1655 strain and subsequent batch growth experiments confirm

this. The iJR904 network includes the thymidine phosphorylase reaction asso-

ciated with deoA, which cleaves thymidine into 2-deoxy-ribose 1-phosphate and
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Figure 8.2: Identification of Novel Transport Reactions. High-throughput growth screens of
wildtype and mutant strains for growth on 5-keto-D-gluconate and propionate. The top panel
shows the batch culture growth of the parental strain (BW25113) and mutants of four known
gluconate transporters (∆gntP,∆gntT,∆idnT, and ∆gntU). The bottom panel shows the batch
culture growth of the parental strain and the ∆putP mutant strain.
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thymine; however, the network has no way of dissipating the resulting thymine

[33]. A thymine reductive pathway has been reported in some strains of E. coli

[10, 116] so it was not clear whether the MG1655 strain utilized this pathway

during growth on thymidine. The algorithm identified 10 potential reaction sets,

with the smallest number of additions being the transport of thymine out of the

cell. Other reaction sets involved the thymine reductive pathway coupled with

secretion of different pathway intermediates (since the endpoint of the pathway,

3-aminoisobutanoate, can not be converted into an iJR904 metabolite).

HPLC analysis of the batch culture medium showed that as thymidine

was being consumed thymine was being secreted into the growth medium (Fig-

ure 8.3, panel C). After all the thymidine was consumed cellular growth stopped

and thymine was not taken back up. These results indicated that a thymine trans-

porter must be present in the bacteria and that the thymine reductive pathway

is likely not present in the MG1655 or BW25113 strains. Seventeen potential

mutant strains involving potential thymine transporters were screened on the Ver-

samax and Bioscreen C systems for altered batch growth rates or lag periods. The

seventeen mutant strains had the following genotypes: ∆nupC, ∆nupG, ∆nupX,

∆xapB, ∆uraA, ∆codB, ∆yicE, ∆ycdG, ∆yeiM, ∆ybbW, ∆yieG, ∆yjdO, ∆yjcD,

∆ygfR∆ygfQ, ∆ygfU, and ∆ybbY. Of these seventeen mutants ∆nupC, ∆nupG,

∆nupX, ∆ybbW, ∆ybbY, and ∆yieG showed altered phenotypes from the parental

strain BW25113, each with a reduced growth rate. NupC and NupG are known

thymidine transporters and NupX is a putative nucleoside transporter, so the de-

creased growth rates are most likely due to decreased uptake rates of thymidine.

Subsequent experiments with ∆ybbW and ∆ybbY strains where the Kanomycin

resistance gene was removed showed similar growth rates to the parental strain.

Based on these results it is unclear as to what protein transports thymine out of

the cell.
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Figure 8.3: Thymine Secretion During Growth on Thymidine. Batch culture growth on thymi-
dine. The parental strain, BW25113, was grown in batch culture in M9 minimal media with
2 g/L thymidine as the sole carbon source. Panel A shows the OD (measured at 600nm) ver-
sus time over the experiment for three replicate cultures. Panel B shows for replicate 1, the
UV chromatogram (at 254 nm) from the HPLC separation of the media at two different time
points (6 hr 50 min on top and 11 hr 55min on bottom). Panel C graphs the average integrated
peak areas corresponding to thymidine, thymine, and thymidine+thymine. Panel D shows the
high-thoughput growth curves for growth on thymidine (top) and glucose (bottom).
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8.2.3 D-malate

Two possible sets of solutions were identified by the algorithm to explain

growth on D-malate, both required a transport reaction for D-malate and one

involved the decarboxylation of D-malate into pyruvate (similar to Malic Enzymes

which act on L-malate) and the other involved the dehydration of D-malate into

maleate followed by the isomerization of maleate into fumarate (Figure 8.4, panel

A). Unfortunately there are no gene or protein sequences for the enzymes in the

latter pathway making the selection of mutants by sequence comparisons difficult.

The theoretical biomass yields for the two different pathways are within 10%,

making it difficult to distinguish between the two pathways based on measured

biomass yields. Mutants of all four dicarboxylic acid transporters (∆dctA, ∆dcuA,

∆dcuB, and ∆dcuC) were tested for growth on D-malate and L-malate (the latter

of which is known to be transported by these transporters, along with fumarate,

and aspartate). DctA is the only one of the four dicarboxylic acids transporters

expressed under aerobic conditions, the other three are expressed under anaerobic

conditions [81], so of the four dctA would be the most likely candidate for the

aerobic consumption of D-malate. Only the ∆dctA mutant showed altered growth

on both L-malate and D-malate with a prolonged lag period of 24 hours, indicating

that D-malate is likely transported by dctA (Figure 8.4, panel B and C).

To test for the first metabolic reaction pathway, knockouts in the two

malic enzymes (∆sfcA and ∆maeB) and ∆yeaU (a putative tartrate dehydroge-

nase, which in Pseudomonas putida has been shown to carry out the decarboxyla-

tion reaction of D-malate) were screened individually for growth on D-malate. All

three mutant strains as well as MG1655 and BW25113 were capable of growing

on D-malate; however, for the ∆yeaU strain there was a longer lag phase relative

to the parental strain (about 24 hours) as was observed with the ∆dctA mutant

(Figure 8.4, panel B). It is possible that YeaU is the preferred route through

which D-malate is utilized and that the removal of YeaU forces the utilization of

another pathway, however, subsequent screening of ∆yeaU and ∆dctA showed that
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Figure 8.4: Growth and Proteins Involved in D-Malate Catabolism. High-throughput growth
screens of wildtype and mutant strains for growth on D-malate. Panel A shows the transport
and two possible metabolic routes as well as possible gene products that are predicted to allow
for growth on these compounds as sole carbon sources. Panel B shows batch culture growth on
D-malate for the wildtype strain (MG1655), parental strain (BW25113), and the mutant strains
indicated in panel A. Panel C shows batch culture growth on L-malate for the same strains as
panel B. Panel D shows the relative expression levels of yeaU, dctA, maeB, and sfcA (relative to
acpS) in BW25113 during growth on L-lactate and D-malate. Additionally, the relative expression
levels are also measured in ∆yeaU and ∆dctA strains during exponential growth on D-malate
(after the 24 hour lag period).
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the neither strain was capable of growing even after 48 hours on D-malate.

RT-PCR analysis of the expression levels for dctA, yeaU, maeB, and sfcA

showed that dctA and yeaU are significantly upregulated during growth on D-

malate relative to growth on L-lactate further implying the genes are involved in the

catabolism of D-malate (Figure 8.4, panel D). Recent biochemical characterization

of the YeaU enzyme has shown that it acts on D-malate (K. Applebee, T. Patel,

and B. Palsson, unpublished data). If growth does resume after 24 hours, which

is questionable and requires further testing, there must be other genes or another

pathway that can be utilized to transport and catabolize D-malate. The parental

strain failed to grow on maleate (data not shown), an intermediate of the second

proposed pathway, which would further support the hypothesis that the catabolism

of D-malate occurs via tartrate dehydrogenase.

8.2.4 D and L-galactonate-gamma-lactone

The biolog data showed that both D-galactonate-gamma-lactone and

L-galactonate-gamma-lactone were capable of supporting growth as sole carbon

sources. While the two compounds are structurally similar the predicted catabolic

pathways were very different.

For growth on D-galactonate-gamma-lactone, the algorithm identified a

single solution. In this solution, D-galactonate-gamma-lactone is transported and

then hydrated to D-galactonate (Figure 5). This hydration reaction can occur non-

enzymatically under basic conditions [84]. To test the stability of the ring structure,

we monitored the UV absorption at 210nm and 220nm of a D-galactonate-gamma-

lactone solution at different pHs and different temperatures over time. Based

on the results, the instability of the ring structure at pH and temperature lev-

els needed for growth makes it impossible to conclude whether E. coli can grow

on D-galactonate-gamma-lactone or L-galactonate-gamma-lactone. The metabolic

pathways for catabolism of D-galactonate and L-galactonate [26, 27, 38] have been

demonstrated in E. coli and all of the gene products involved are known, with the



134

exception of the L-galactonate transporter and L-galactonate oxidoreductase.

We confirmed that E. coli MG1655 can grow on L-galactonate and that

the mutants of enzymes involved in the degradation (UxaA, UxaB) fail to grow.

Since no enzyme sequences are known for a L-galactonate transporter or oxidore-

ductase the PROLINKS database [18] was used to identify potential genes based

on context-based methods. These methods include gene neighbor [18], gene cluster

[107, 108], Rosetta stone [49, 95, 96], and phylogenetic profiles [118, 174]. Mutants

of two potential oxidoreductases ∆yeiQ and ∆ydfL, identified with the phyloge-

netic profile method using uxaB (confidence score>0.5), and three transporters

∆exuT, ∆dgoT, and ∆gntP, all showed similar growth patterns to the wildtype

strain.

8.3 Discussion

The synergism of both experimentation and modeling will allow for the

elucidation of cellular networks. These combined efforts are needed to more quickly

understand the roles of gene products in cellular functions, as well as the interac-

tions between them. The methods presented here can easily be applied to study

metabolic reconstructions for any organism. It is anticipated that the results from

the approach will be more informative for other organisms that are not as well stud-

ied as E. coli. One limitation to the presented algorithm is that novel metabolic

activities can not be identified since it is based on a set of previously charac-

terized reactions. Methods have been developed elsewhere which can calculate

new metabolic transformations. These methods are based on observed rules for

metabolic transformations and can take thermodynamic considerations into ac-

count to eliminate thermodynamically unfavored reactions [68].

Another hindrance to the approach is that for many of the EC numbers

identified there are no known enzymatic sequences making the discovery of the re-

sponsible genes difficult. For these EC numbers, non-homology based annotation



135

methods such as Rosetta Stone, Gene Neighbor, Gene Cluster and Phylogenetic

profile combined with high-throughput phenotypic screens could be used to identify

responsible genes. The method developed here tells you what enzymes or enzy-

matic activities to look for. Gene expression studies are an obvious place to start

for identifying these enzymes, however, a substantial number of genes are likely to

show altered expression under a particular condition that are not associated with

required metabolic pathways. This is supported by recent evidence that shows

E. coli increases the number of expressed genes as the quality of carbon sources

(indicated by growth rate) goes down [91].

Iterative model building methods are needed that allow for the recon-

ciliation of models with experimental data and increase our knowledge about the

biological system of interest. This chapter presents such an iterative model build-

ing method coupled with initial testing of the proposed new activities. While,

the experiments presented here are rather simple, they are informative. Further

biochemical characterization of the identified gene products is still needed and the

genes responsible for other enzymatic activities (such as L-galactonate oxidoreduc-

tase) have yet to be identified.

The text of this chapter, in full, is a reprint of the material as it will likely appear

in J.L. Reed, T.R. Patel, K.H. Chen, A.J. Joyce, M. Applebee, C.D. Herring, E.M.

Knight, and S.S. Fong and B.Ø. Palsson. 2005. Model-driven analysis of high-

throughput phenotyping data can identify new metabolic capabilities in E. coli.

In Preparation. I was the primary author of the publication and the co-authors

participated and/or supervised the research which forms the basis for this chapter.



Chapter 9

Conclusions

As discussed in the first chapter, systems biology is the integration of

experimental and computational efforts at a systems level (not just individual

components) to explain, predict, and interpret cellular behavior. The work de-

scribed in this dissertation is a systems biology approach to studying Escherichia

coli metabolism and regulation. The later chapters (4-8) go through the process

of reconstructing cellular networks (in this case for metabolism), building models

to simulate these networks, and evaluating experimental data. An updated re-

construction for E. coli metabolism was presented in Chapter 4 which accounts

for over 900 genes in the organism, roughly 20% of its genes. This reconstruction

was used to generate a constraint-based model which was analyzed for optimal

and suboptimal flux distributions relating to cellular growth (Chapter 4 and 5).

This model was also used to analyze high-throughput phenotyping data and iden-

tify missing metabolic and transport activities that were previously unreported for

this organism (Chapter 8). Isotopomer models of E. coli metabolism were also

built and used to determine intracellular metabolic flux distributions using previ-

ously generated experimental data as well as to study theoretical measurements

resulting from different metabolic flux states.

As a side-effect of these investigations, I have learned a lot of about

modeling and computational methods, in particular optimization based techniques,
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and a significant amount about E. coli metabolism and regulation. The final two

sections of this dissertation discuss some of the lessons that I have learned along the

way and what I feel the future of systems biology and constraint-based modeling

will require.

9.1 Lessons learned

As I look back on my graduate work, there were several important lessons

that I learned along the way. As an undergraduate student at UCSD I was en-

amored by the idea that a mathematical representation of a complex biological

system could be used to predict cellular phenotypes and that cells are restricted

by basic physical-chemical laws. As a student you are always looking to find the

correct answer, and so I initially assumed that models which predict biological

behaviors more accurately were more desirable. During the development of the

iJR904 model I was initially dismayed by the fact that this new, larger model

made more false predictions regarding gene essentiality and behaved worse than

the existing metabolic model (which would be expected). What I did not realize at

the time was that these bad predictions by the model are in fact more interesting

than the cases which the model predicts correctly. As shown in Chapter 8, these

incorrect predictions can lead to new biological discoveries regarding the network

of interest. This can be either the identification of new regulatory interactions that

control enzyme levels in the cell [33] or, as shown in Chapter 8, can lead to the

discovery of new metabolic capabilities of an organism.

The second lesson that I learned concerns the computational challenges

involved with solving genome-scale models. I often found myself dealing with prob-

lems that proved challenging computationally, especially when non-linear equations

and integer variables are introduced into the models. With the alternate optima

study (Chapter 5), I underestimated the effect that equivalent pathways [92] in

genome-scale networks have on the number of alternate optimal solutions. The
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large degree of redundancy in E. coli metabolism quickly leads to a great number

of alternate optimal solutions, and this problem will only become more challenging

as larger metabolic reconstructions are built. Problems with network redundancy

also occur in the calculation of extreme pathways and elementary modes, where

current algorithms and computers can not calculate all of the network-based path-

ways for the genome-scale E. coli model. As models will become more and more

detailed, increasing in scope and size, these computational difficulties will become

more challenging to handle. It will become essential that model simplification

techniques are developed (such as modularization of networks and models [115])

and that good software is available to solve these genome-scale models.

The last two lessons that I have learned relate to biology rather than

modeling and computation. From studying E. coli metabolism and regulation I

have come to appreciate that biology is inherently complex. Networks and cellular

processes that are often taught in courses as separate entities are highly inter-

connected with one another. Metabolism, regulation, signalling, DNA replication,

transcription and translation all depend on one another. For example, transcrip-

tional regulation in E. coli is generally monitored by transcription factors, but

the expression of a gene can also depend on the 3D structure and supercoiling of

DNA [167]. In addition, the components that make up these individual networks

can be part of multiple networks; some proteins, for example, have dual roles as

metabolic enzymes and transcription factors [67]. When generating cellular models

it is important to keep in mind how these different networks interact to generate

cellular phenotypes.

As in life, there is not always one solution to a problem (nor is there

one way to formulate a problem). This is evident computationally from study-

ing extreme pathways [113] and alternate optimal solutions to flux balance mod-

els [88, 131] of metabolism, where the same phenotype can be achieved in multiple

ways. In biology this concept is also true giving rise to the concept of silent phe-

notypes [128]. Adaptive evolution of wildtype and mutant strains of E. coli has
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shown that independently evolved strains can achieve similar growth phenotypes

by using their metabolic network differently [53, 57]. Computational and experi-

mental approaches need to be able to identify these alternate solutions and be able

to distinguish between them.

9.2 Future directions

Looking forward, new technology and computational methods will be

needed to evaluate the internal state of the cell. One obstacle concerning exper-

imental data is that measurements are not consistently made for the same strain

under the same environmental condition across different labs. This makes it diffi-

cult to compare data sets generated by independent labs, since measurements are

taken for different cellular states. This issue will probably become less of a prob-

lem as high-throughput technology becomes faster and cheaper. Gene expression

measurements, once a labor intensive and costly process, are now commonly car-

ried out. The cost of DNA sequencing has dropped over the years, with the result

being an increase in the number of organisms which have and will be sequenced.

Within the constraint-based framework, methods will be needed to fur-

ther reduce the allowable solution space. This can occur by incorporating ad-

ditional constraints relating to measured enzyme activity, enzyme concentrations,

metabolite metabolite concentrations and kinetic parameters. Other advancements

could arise by moving towards a semi-quantitative modeling of regulation, switch-

ing from a boolean formalism where genes have only two states to a formalism

which allows for multiple levels of gene expression. With more advanced meth-

ods for predicting or calculating cellular states more data will be needed to inde-

pendently evaluate model predictions. Gene expression data is currently used to

evaluate isotopomer model predictions, but these measurements can be misleading

since gene expression measurements do not always correlate with enzyme levels [66].

Other potential experimental measurements could involve enzyme concentrations,
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enzyme activity levels and intracellular metabolite concentrations.

At the heart of all models is a reconstruction: an accounting or detailing of

the components and their interactions. The resulting models and their predictions

will be highly dependent on what is known about the system or network being

studied. Building a reconstruction of metabolism is fairly straight forward, and a

first pass can be automatically generated from a genome annotation [109]. Iterative

modeling building methods, such as those presented in Chapter 8 and others [76,

33], will allow for evaluation of a reconstructed network using experimental data

and can be used to drive the discovery of new network components and interactions.

These methods will not only yield more accurate models but more importantly will

increase our knowledge about an organism.



Appendix A

Metabolites in the Biosynthetic

Isotopomer Model

This appendix contains a table of the metabolites in the biosynthetic

isotopomer model described in section 7.1.2. The metabolite tables include the

metabolite abbreviations (used in the reactions), metabolite names, and the num-

ber of carbon atoms that were tracked in the isotopomer model. For example,

10fthf has 20 carbon atoms but only one was tracked in the isotopomer model.
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Table A.1: Biosynthetic isotopomer model: Metabolites. List of metabolite abbreviations,
metabolite names, and the number of carbon atoms tracked in the biosynthetic isotopomer model.

Abbr Metabolite Name C Atoms
10fthf 10-Formyltetrahydrofolate 1
13dpg 3-Phospho-D-glyceroyl phosphate 3
1pyr5c 1-Pyrroline-5-carboxylate 5
23dhmb (R)-2,3-Dihydroxy-3-methylbutanoate 5
26dap-LL LL-2,6-Diaminoheptanedioate 7
26dap-M meso-2,6-Diaminoheptanedioate 7
2ddg6p 2-Dehydro-3-deoxy-D-gluconate 6-phosphate 6
2dmmq8 2-Demethylmenaquinone 8 0
2dmmql8 2-Demethylmenaquinol 8 0
2h3oppan 2-Hydroxy-3-oxopropanoate 3
2ippm 2-Isopropylmaleate 7
2kmb 2-keto-4-methylthiobutyrate 5
2obut 2-Oxobutanoate 4
2pg D-Glycerate 2-phosphate 3
34hpp 3-(4-Hydroxyphenyl)pyruvate 9
3c2hmp 3-Carboxy-2-hydroxy-4-methylpentanoate 7
3c3hmp 3-Carboxy-3-hydroxy-4-methylpentanoate 7
3c4mop 3-Carboxy-4-methyl-2-oxopentanoate 7
3dhq 3-Dehydroquinate 7
3dhsk 3-Dehydroshikimate 7
3ig3p C’-(3-Indolyl)-glycerol 3-phosphate 11
3mob 3-Methyl-2-oxobutanoate 5
3mop (S)-3-Methyl-2-oxopentanoate 6
3pg 3-Phospho-D-glycerate 3
3psme 5-O-(1-Carboxyvinyl)-3-phosphoshikimate 10
4abut 4-Aminobutanoate 4
4mop 4-Methyl-2-oxopentanoate 6
4pasp 4-Phospho-L-aspartate 4
5mthf 5-Methyltetrahydrofolate 1
6pgc 6-Phospho-D-gluconate 6
6pgl 6-phospho-D-glucono-1,5-lactone 6
ac Acetate 2
acald Acetaldehyde 2
accoa Acetyl-CoA 2
acg5p N-Acetyl-L-glutamyl 5-phosphate 7
acg5sa N-Acetyl-L-glutamate 5-semialdehyde 7
acorn N2-Acetyl-L-ornithine 7
acser O-Acetyl-L-serine 5
actp Acetyl phosphate 2
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Table A.1, continued.

Abbr Metabolite Name C Atoms
ade Adenine 5
adp ADP 10
akg 2-Oxoglutarate 5
ala-D D-Alanine 3
ala-L L-Alanine 3
amp AMP 10
arg-L L-Arginine 6
argsuc N(omega)-(L-Arginino)succinate 10
asn-L L-Asparagine 4
asp-L L-Aspartate 4
aspsa L-Aspartate 4-semialdehyde 4
atp ATP 10
cbp Carbamoyl phosphate 1
cdp CDP 9
cdpdagEC CDPdiacylglycerol 9
chor Chorismate 10
cit Citrate 6
citr-L L-Citrulline 6
clpnEC Cardiolipin 3
cmp CMP 9
co2 CO2 1
coa Coenzyme A 0
ctp CTP 9
cys-L L-Cysteine 3
datp dATP 10
dctp dCTP 9
dgtp dGTP 10
dha Dihydroxyacetone 3
dhap Dihydroxyacetone phosphate 3
dkmpp 2,3-diketo5-methylthio-1-phosphopentane 6
dttp dTTP 10
e4p D-Erythrose 4-phosphate 4
etoh Ethanol 2
f6p D-Fructose 6-phosphate 6
fad FAD 0
fadh2 FADH2 0
fdp D-Fructose 1,6-bisphosphate 6
for Formate 1
fum Fumarate 4
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Table A.1, continued.

Abbr Metabolite Name C Atoms
g1p D-Glucose 1-phosphate 6
g3p Glyceraldehyde 3-phosphate 3
g6p D-Glucose 6-phosphate 6
gdp GDP 10
glc-D D-Glucose 6
gln-L L-Glutamine 5
glu-L L-Glutamate 5
glu5sa L-Glutamate 5-semialdehyde 5
glx Glyoxylate 2
gly Glycine 2
glyc Glycerol 3
glyc-R (R)-Glycerate 3
glyc3p Glycerol 3-phosphate 3
glyclt Glycolate 2
glycogen glycogen 6
gmp GMP 10
gtp GTP 10
h H+ 0
h2 H2 0
h2o H2O 0
h2s Hydrogen sulfide 0
hco3 Bicarbonate 1
his-L L-Histidine 6
hom-L L-Homoserine 4
icit Isocitrate 6
ile-L L-Isoleucine 6
imp IMP 10
indole Indole 8
lac-D D-Lactate 3
lac-L L-Lactate 3
leu-L L-Leucine 6
lpsEC lipopolysaccharide 0
lys-L L-Lysine 6
mal-L L-Malate 4
met-L L-Methionine 5
methf 5,10-Methenyltetrahydrofolate 1
mlthf 5,10-Methylenetetrahydrofolate 1
mql8 Menaquinol 8 0
mqn8 Menaquinone 8 0
na1 Sodium 0
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Table A.1, continued.

Abbr Metabolite Name C Atoms
nad Nicotinamide adenine dinucleotide 0
nadh Nicotinamide adenine dinucleotide - re-

duced
0

nadp Nicotinamide adenine dinucleotide phos-
phate

0

nadph Nicotinamide adenine dinucleotide phos-
phate - reduced

0

nh4 ammonium 0
o2 O2 0
oaa Oxaloacetate 4
orn Ornithine 5
peEC Phosphatidylethanolamine 2
pep Phosphoenolpyruvate 3
peptidoEC Peptidoglycan subunit of Escherichia coli 0
pgEC Phospatidylglycerol 3
phe-L L-Phenylalanine 9
phpyr Phenylpyruvate 9
pi Phosphate 0
pphn Prephenate 10
ppi Diphosphate 0
pro-L L-Proline 5
prpp 5-Phospho-alpha-D-ribose 1-diphosphate 5
psEC phosphatidylserine 3
ptrc Putrescine 4
pyr Pyruvate 3
q8 Ubiquinone-8 0
q8h2 Ubiquinol-8 0
r5p alpha-D-Ribose 5-phosphate 5
ru5p-D D-Ribulose 5-phosphate 5
s7p Sedoheptulose 7-phosphate 7
ser-L L-Serine 3
skm Shikimate 7
skm5p Shikimate 5-phosphate 7
sl26da N-Succinyl-LL-2,6-diaminoheptanedioate 11
sl2a6o N-Succinyl-2-L-amino-6-oxoheptanedioate 11
so3 Sulfite 0
so4 Sulfate 0
spmd Spermidine 7
succ Succinate 4
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Table A.1, continued.

Abbr Metabolite Name C Atoms
succoa Succinyl-CoA 4
sucsal Succinic semialdehyde 4
thf 5,6,7,8-Tetrahydrofolate 0
thr-L L-Threonine 4
trdox Oxidized thioredoxin 0
trdrd Reduced thioredoxin 0
trp-L L-Tryptophan 11
tyr-L L-Tyrosine 9
udp UDP 9
ump UMP 9
utp UTP 9
val-L L-Valine 5
xmp Xanthosine 5’-phosphate 10
xu5p-D D-Xylulose 5-phosphate 5
ac[e] Acetate (Extracellular) 2
co2[e] CO2 (Extracellular) 1
etoh[e] Ethanol (Extracellular) 2
for[e] Formate (Extracellular) 1
fum[e] Fumarate (Extracellular) 4
glc-D[e] D-Glucose (Extracellular) 6
glyc[e] Glycerol (Extracellular) 3
h[e] H+ (Extracellular) 0
h2o[e] H2O (Extracellular) 0
lac-D[e] D-Lactate (Extracellular) 3
lac-L[e] L-Lactate (Extracellular) 3
na1[e] Sodium (Extracellular) 0
nh4[e] ammonium (Extracellular) 0
o2[e] O2 (Extracellular) 0
pi[e] Phosphate (Extracellular) 0
pyr[e] Pyruvate (Extracellular) 3
so4[e] Sulfate (Extracellular) 0
succ[e] Succinate (Extracellular) 4



Appendix B

Reactions in the Biosynthetic

Isotopomer Model

This appendix contains a table of the metabolites in the biosynthetic iso-

topomer model described in section 7.1.2. The reaction tables include the reaction

abbreviations and reactions in the isotopomer biosynthetic model. The reactions

are organized by metabolic subsystems. Reaction abbreviations listed as COM-

BOx (eg. COMBO1, COMBO2... COMBO47) resulted from the combination of

reactions involving split metabolites (see section 6.4 for details)
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Table B.1: Biosynthetic isotopomer model: Reactions. List of reaction abbreviations and reac-
tions in the biosynthetic isotopomer model. Reactions are organized by metabolic subsystem.

Abbr Reaction
Glycolysis and Gluconeogenesis
COMBO36 atp + g1p → adp + glycogen + ppi
ENO 2pg ↔ h2o + pep
F6PA f6p ↔ dha + g3p
FBA fdp ↔ dhap + g3p
FBP fdp + h2o → f6p + pi
G1PP g1p + h2o → glc-D + pi
GAPD g3p + nad + pi ↔ 13dpg + h + nadh
GLCP glycogen + pi → g1p
HEX1 atp + glc-D → adp + g6p + h
PDH coa + nad + pyr → accoa + co2 + nadh
PFK atp + f6p → adp + fdp + h
PGI g6p ↔ f6p
PGK 3pg + atp ↔ 13dpg + adp
PGM 2pg ↔ 3pg
PPS atp + h2o + pyr → amp + (2) h + pep + pi
PYK adp + h + pep → atp + pyr
TPI dhap ↔ g3p
Pentose Phosphate Cycle
EDA 2ddg6p → g3p + pyr
EDD 6pgc → 2ddg6p + h2o
G6PDH2r g6p + nadp ↔ 6pgl + h + nadph
GND 6pgc + nadp → co2 + nadph + ru5p-D
PGL 6pgl + h2o → 6pgc + h
RPE ru5p-D ↔ xu5p-D
RPI r5p ↔ ru5p-D
TALA g3p + s7p ↔ e4p + f6p
TKT1 r5p + xu5p-D ↔ g3p + s7p
TKT2 e4p + xu5p-D ↔ f6p + g3p
Pyruvate Metabolism
ACKr ac + atp ↔ actp + adp
ACS ac + atp + coa → accoa + amp + ppi
ADHEr accoa + (2) h + (2) nadh ↔ coa + etoh + (2) nad
FHL for + h → co2 + h2
LDHD lac-D + nad ↔ h + nadh + pyr
PFL coa + pyr → accoa + for
PTAr accoa + pi ↔ actp + coa
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Table B.1, continued.

Abbr Reaction
Anaplerotic Reactions
ICL icit → glx + succ
MALS accoa + glx + h2o → coa + h + mal-L
ME1 mal-L + nad → co2 + nadh + pyr
ME2 mal-L + nadp → co2 + nadph + pyr
PPC co2 + h2o + pep → h + oaa + pi
PPCK atp + oaa → adp + co2 + pep
PPA h2o + ppi → h + (2) pi
Citrate Cycle (TCA)
CITL cit → ac + oaa
CS accoa + h2o + oaa → cit + coa + h
FRD2 fum + mql8 → mqn8 + succ
FRD3 2dmmql8 + fum → 2dmmq8 + succ
ICDHyr icit + nadp ↔ akg + co2 + nadph
MDH mal-L + nad ↔ h + nadh + oaa
MDH2 mal-L + q8 → oaa + q8h2
MDH3 mal-L + mqn8 → mql8 + oaa
ACONT cit ↔ icit
FUM fum + h2o ↔ mal-L
SUCD1i fad + succ → fadh2 + fum
SUCOAS atp + coa + succ ↔ adp + pi + succoa
AKGDH akg + coa + nad → co2 + nadh + succoa
Oxidative Phosphorylation
ATPS4r adp + (4) h[e] + pi ↔ atp + (3) h + h2o
CYTBD (2) h + (0.5) o2 + q8h2 → (2) h[e] + h2o + q8
CYTBO3 (2.5) h + (0.5) o2 + q8h2 → (2.5) h[e] + h2o + q8
FDH2 for + (3) h + q8 → co2 + (2) h[e] + q8h2
FDH3 for + (3) h + mqn8 → co2 + (2) h[e] + mql8
G3PD5 glyc3p + q8 → dhap + q8h2
G3PD6 glyc3p + mqn8 → dhap + mql8
G3PD7 2dmmq8 + glyc3p → 2dmmql8 + dhap
HYD1 (2) h + h2 + q8 → (2) h[e] + q8h2
HYD2 (2) h + h2 + mqn8 → (2) h[e] + mql8
HYD3 2dmmq8 + (2) h + h2 → 2dmmql8 + (2) h[e]
LDHD2 lac-D + q8 → pyr + q8h2
NADH10 h + mqn8 + nadh → mql8 + nad
NADH5 h + nadh + q8 → nad + q8h2
NADH6 (4.5) h + nadh + q8 → (3.5) h[e] + nad + q8h2
NADH7 (3) h + mqn8 + nadh → (2) h[e] + mql8 + nad
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Table B.1, continued.

Abbr Reaction
Oxidative Phosphorylation (cont.)
NADH8 2dmmq8 + (3.8) h + nadh → 2dmmql8 + (2.8) h[e] + nad
NADH9 2dmmq8 + h + nadh → 2dmmql8 + nad
POX h2o + pyr + q8 → ac + co2 + q8h2
SUCD4 fadh2 + q8 ↔ fad + q8h2
NADTRHD nad + nadph → nadh + nadp
THD2 (2) h[e] + nadh + nadp → (2) h + nad + nadph
TRDR h + nadph + trdox → nadp + trdrd
LLACD2 lac-L + q8 → pyr + q8h2
LLACD3 lac-L + mqn8 → mql8 + pyr
ATPM atp + h2o → adp + h + pi
Alternate Carbon Metabolism
ACALDi acald + coa + nad → accoa + h + nadh
ALDD2x acald + h2o + nad → ac + (2) h + nadh
DHAPT dha + pep → dhap + pyr
G3PD2 glyc3p + nadp ↔ dhap + h + nadph
GLYCDx glyc + nad → dha + h + nadh
GLYCTO2 glyclt + q8 → glx + q8h2
GLYCTO3 glyclt + mqn8 → glx + mql8
GLYCTO4 2dmmq8 + glyclt → 2dmmql8 + glx
GLYK atp + glyc → adp + glyc3p + h
G3PP glyc3p → glyc + pi
PGMT g1p ↔ g6p
Glyoxylate Metabolism
GLXCL (2) glx + h → 2h3oppan + co2
GLYCK atp + glyc-R → 3pg + adp + h
GLYCLTDx glx + h + nadh → glyclt + nad
GLYCLTDy glx + h + nadph → glyclt + nadp
TRSAR 2h3oppan + h + nadh → glyc-R + nad
Methylglyoxal Metabolism
COMBO38 dhap + h2o → h + lac-D + pi
Alanine and Aspartate Metabolism
ALAR ala-L ↔ ala-D
ALATAL akg + ala-L ↔ glu-L + pyr
ASNN asn-L + h2o → asp-L + nh4
ASNS1 asp-L + atp + gln-L + h2o → amp + asn-L + glu-L + h +

ppi
ASNS2 asp-L + atp + nh4 → amp + asn-L + h + ppi
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Table B.1, continued.

Abbr Reaction
Alanine and Aspartate Metabolism (cont.)
ASPT asp-L → fum + nh4
ASPTA akg + asp-L ↔ glu-L + oaa
DAAD ala-D + fad + h2o → fadh2 + nh4 + pyr
VPAMT 3mob + ala-L → pyr + val-L
Arginine and Proline Metabolism
COMBO2 akg + h2o + nad + ptrc → 4abut + glu-L + (2) h + nadh
COMBO3 accoa + atp + glu-L → acg5p + adp + coa + h
COMBO8 (2) atp + h2o + met-L + ptrc → ade + adp + co2 + dkmpp

+ h + pi + ppi + spmd
COMBO18 akg + arg-L + (4) h2o + nad+ succoa → co2 + coa + (2)

glu-L + h + nadh + (2) nh4 + succ
COMBO34 atp + glu-L + h + nadph → adp + glu5sa + nadp + pi
ABTA 4abut + akg → glu-L + sucsal
ACODA acorn + h2o → ac + orn
ACOTA acorn + akg ↔ acg5sa + glu-L
AGPR acg5sa + nadp + pi ↔ acg5p + h + nadph
ARGSL argsuc ↔ arg-L + fum
ARGSS asp-L + atp + citr-L → amp + argsuc + h + ppi
CBPS (2) atp + gln-L + h2o + hco3 → (2) adp + cbp + glu-L +

(2) h + pi
DKMPPD dkmpp + h2o + o2 → 2kmb + for + (2) h + pi
DKMPPD2 dkmpp + (3) h2o → 2kmb + for + (6) h + pi
G5SADs glu5sa → 1pyr5c + h + h2o
NACODA acg5sa + h2o → ac + glu5sa
OCBT cbp + orn ↔ citr-L + h + pi
ORNDC h + orn → co2 + ptrc
P5CD 1pyr5c + (2) h2o + nad → glu-L + h + nadh
P5CR 1pyr5c + (2) h + nadph → nadp + pro-L
PROD2 fad + pro-L → 1pyr5c + fadh2 + h
SSALx h2o + nad + sucsal → (2) h + nadh + succ
SSALy h2o + nadp + sucsal → (2) h + nadph + succ
UNK3 2kmb + glu-L → akg + met-L
Cysteine Metabolism
COMBO9 (2) atp + gtp + (2) h2o + so4 + trdrd → adp + amp + aps

+ gdp + (3) h + (2) pi + ppi + so3 + trdox
CYSDS cys-L + h2o → h2s + nh4 + pyr
CYSS acser + h2s → ac + cys-L + h
SERAT accoa + ser-L ↔ acser + coa
SULR (3) h2o + h2s + (3) nadp ↔ (5) h + (3) nadph + so3
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Table B.1, continued.

Abbr Reaction
Glutamate Metabolism
GLNS atp + glu-L + nh4 → adp + gln-L + h + pi
GLUDC glu-L + h → 4abut + co2
GLUDy glu-L + h2o + nadp ↔ akg + h + nadph + nh4
GLUN gln-L + h2o → glu-L + nh4
GLUSy akg + gln-L + h + nadph → (2) glu-L + nadp
Glycine and Serine Metabolism
COMBO37 coa + nad + thr-L → accoa + gly + h + nadh
COMBO47 3pg + glu-L + h2o + nad → akg + h + nadh + pi + ser-L
GHMT2 ser-L + thf → gly + h2o + mlthf
SERDL ser-L → nh4 + pyr
Histidine Metabolism
HISSYN (2) h2o + (2) nad + 10fthf + atp + gln-L + prpp → akg +

his-L + imp + pi + thf + (2) nadh + (2) ppi + (5) h
PRPPS atp + r5p ↔ amp + h + prpp
Methionine Metabolism
COMBO22 5mthf + cys-L + h2o + hom-L + succoa → coa + h + met-L

+ nh4 + pyr + succ + thf
Threonine and Lysine Metabolism
COMBO26 aspsa + nadph + pyr + succoa → coa + h2o + nadp + sl2a6o
COMBO41 atp + h2o + hom-L → adp + h + pi + thr-L
ASAD aspsa + nadp + pi ↔ 4pasp + h + nadph
ASPK asp-L + atp ↔ 4pasp + adp
DAPDC 26dap-M + h → co2 + lys-L
DAPE 26dap-LL ↔ 26dap-M
HSDy hom-L + nadp ↔ aspsa + h + nadph
SDPDS h2o + sl26da → 26dap-LL + succ
SDPTA akg + sl26da ↔ glu-L + sl2a6o
THRAr thr-L ↔ acald + gly
Tyrosine, Tryptophan, and Phenylalanine Metabolism
COMBO15 chor + gln-L + prpp → 3ig3p + co2 + glu-L + h2o + ppi +

pyr
COMBO25 e4p + h2o + pep → 3dhq + (2) pi
CHORM chor → pphn
CHORS 3psme → chor + pi
DHQD 3dhq ↔ 3dhsk + h2o
PHETA1 akg + phe-L ↔ glu-L + phpyr
PPND nad + pphn → 34hpp + co2 + nadh
PPNDH h + pphn → co2 + h2o + phpyr
PSCVT pep + skm5p ↔ 3psme + pi
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Table B.1, continued.

Abbr Reaction
Tyrosine, Tryptophan, and Phenylalanine Metabolism (cont.)
SHK3Dr 3dhsk + h + nadph ↔ nadp + skm
SHKK atp + skm → adp + h + skm5p
TRPAS2 h2o + trp-L ↔ indole + nh4 + pyr
TRPS1 3ig3p + ser-L → g3p + h2o + trp-L
TRPS2 indole + ser-L → h2o + trp-L
TRPS3 3ig3p → g3p + indole
TYRTA akg + tyr-L ↔ 34hpp + glu-L
V aline, Leucine, and Isoleucine Metabolism
COMBO4 2obut + (2) h + nadph+ pyr → 3mop + co2 + h2o + nadp
COMBO5 (2) h + nadph + (2) pyr → 23dhmb + co2 + nadp
DHAD1 23dhmb → 3mob + h2o
ILETA akg + ile-L ↔ 3mop + glu-L
IPMD 3c2hmp + nad → 3c4mop + h + nadh
IPPMIa 3c2hmp ↔ 2ippm + h2o
IPPMIb 2ippm + h2o ↔ 3c3hmp
IPPS 3mob + accoa + h2o → 3c3hmp + coa + h
LEUTAi 4mop + glu-L → akg + leu-L
OMCDC 3c4mop + h → 4mop + co2
THRDL thr-L → 2obut + nh4
VALTA akg + val-L ↔ 3mob + glu-L
Purine and Pyrimidine Biosynthesis
HCO3E co2 + h2o ↔ h + hco3
COMBO10 asp-L + gtp + imp → amp + fum+ gdp + (2) h + pi
IMPD h2o + imp + nad → h + nadh + xmp
GMPS2 atp + gln-L + h2o + xmp → amp + glu-L + gmp + (2) h +

ppi
UMPSYN1 asp-L + cbp + h + prpp + q8 → co2 + h2o + pi + ppi +

q8h2 + ump
UMPSYN2 asp-L + cbp + h + mqn8 + prpp → co2 + h2o + mql8 + pi

+ ppi + ump
CTPSYN atp + gln-L + h2o + utp → adp + ctp + glu-L + pi + (2) h
IMPSYN1 (5) atp + (2) 10fthf + (2) gln-L + asp-L + gly + h2o + hco3

+ prpp → fum + imp + ppi + (2) glu-L + (2) thf + (5) adp
+ (5) pi + (7) h

IMPSYN2 (6) atp + (2) gln-L + 10fthf + asp-L + for + gly + h2o +
hco3 + prpp → fum + imp + ppi + thf 2 glu-L 6 adp 6 pi 7
h

dTTPSYN h + mlthf + nadph + trdrd + utp → dttp + h2o + nadp +
thf + trdox
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Table B.1, continued.

Abbr Reaction
Nucleotide Salvage Pathways
ADK3 amp + gtp ↔ adp + gdp
ADK1 amp + atp ↔ (2) adp
NDPK1 atp + gdp ↔ adp + gtp
NTPP6 atp + h2o → amp + h + ppi
ADPT ade + prpp → amp + ppi
RNTR1 atp + trdrd → datp + h2o + trdox
RNTR2 gtp + trdrd → dgtp + h2o + trdox
RNTR3 ctp + trdrd → dctp + h2o + trdox
CYTK1 atp + cmp ↔ adp + cdp
NDPK3 atp + cdp ↔ adp + ctp
GK1 atp + gmp ↔ adp + gdp
NDPK2 atp + udp ↔ adp + utp
UMPK atp + ump ↔ adp + udp
Folate Metabolism
FTHFD 10fthf + h2o → for + h + thf
GLYCL gly + nad + thf → co2 + mlthf + nadh + nh4
MTHFC h2o + methf ↔ 10fthf
MTHFD mlthf + nadp ↔ h + methf + nadph
MTHFR2 h + mlthf + nadh → 5mthf + nad
Cofactor and Prosthetic Group Biosynthesis
COASYN (4) atp + 3mob + asp-L + ctp + cys-L + h2o + mlthf +

nadph → amp + cmp + coa + nadp + thf + (2) adp + (2)
co2 + (3) ppi

FADSYN (2) atp + (2) ru5pD + gtp + h2o + nadph → + adp + fad
+ nadp + nh4 + (2) h + (2) ppi + (3) for + (3) pi

NADSYN1 (2) atp + asp-L + dhap + h + nh4 + prpp + q8 → amp +
co2 + nad + pi + q8h2 + (2) h2o + (3) ppi

NADSYN2 (2) atp + asp-L + dhap + h + mqn8 + nh4 + prpp → amp
+ co2 + mql8 + nad + pi + (2) h2o + (3) ppi

NADK atp + nad → adp + h + nadp
THFSYN (4) h2o + (2) atp + chor + gln-L + gtp + nad + nadph →

adp + amp + for + glyclt + nadh + nadp + pyr + thf + (2)
pi + (2) ppi + (5) h
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Table B.1, continued.

Abbr Reaction
Cell Membrane Constituents
CDPDAGSYN (29.48) h + (28.48) nadph + (16.86) accoa + (14.86) atp +

(14.86) hco3 + ctp + glyc3p → cdpdagEC + ppi + (14.86)
adp + (14.86) co2 + (14.86) h2o + (14.86) pi + (16.86)
coa + (28.48) nadp

PSSYN cdpdagEC + ser-L → cmp + h + psEC
PESYN cdpdagEC + serL → cmp + co2 + peEC
PGSYN cdpdagEC + glyc3p + h2o → cmp + h + pgEC + pi
CLPNSYN (2) cdpdagEC + (2) glyc3p + (2) h2o → clpnEC + glyc +

(2) cmp + (2) h + (2) pi
LPSSYN (66) nadph + (52) h + (44) atp + (43) accoa + (35) hco3

+ (7) ctp + (5) pep + (5) ru5p-D + (4) utp + (3) s7p +
(2) f6p + (2) g1p + (2) gln-L + (2) peEC → lpsEC + ump
+ (2) ac + (2) cdp + (2) cdpdagEC + (2) glu-L + (3) cmp
+ (3) udp + (14) ppi + (15) h2o + (35) co2 + (43) coa +
(44) adp + (48) pi + (66) nadp

PEPTIDOSYN (5) atp + (2) accoa + (2) ala-D + (2) f6p + (2) gln-L +
(2) utp + 26dap-M + ala-L + h2o + nadph + pep → glu-L
+ nadp + peptidoEC + udp + ump + (2) coa + (2) ppi
+ (5) adp + (7) h + (7) pi

Transport, Extracellular
ACt2r ac[e] + h[e] ↔ ac + h
CO2t co2[e] ↔ co2
DLACt2 h[e] + lac-D[e] ↔ h + lac-D
ETOHt2r etoh[e] + h[e] ↔ etoh + h
FORt for[e] ↔ for
FUMt22 fum[e] + (2) h[e] → fum + (2) h
FUMt23 fum[e] + (3) h[e] → fum + (3) h
GLCpts glc-D[e] + pep → g6p + pyr
H2Ot h2o[e] ↔ h2o
NAt31 h[e] + na1 ↔ h + na1[e]
NAt315 (3) h[e] + (2) na1 → (3) h + (2) na1[e]
NAt32 (2) h[e] + na1 → (2) h + na1[e]
NH4t nh4[e] ↔ nh4
O2t o2[e] ↔ o2
PIabc atp + h2o + pi[e] → adp + h + (2) pi
PIt2r h[e] + pi[e] ↔ h + pi
PYRt2r h[e] + pyr[e] ↔ h + pyr
SUCCt22 (2) h[e] + succ[e] → (2) h + succ
SUCCt23 (3) h[e] + succ[e] → (3) h + succ
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Table B.1, continued.

Abbr Reaction
Transport, Extracellular (cont.)
SUCCt2b h + succ → h[e] + succ[e]
SUCFUMt fum[e] + succ ↔ fum + succ[e]
SUCCabc atp + h2o + succ[e] → adp + h + pi + succ
SULabc atp + h2o + so4[e] → adp + h + pi + so4
GLYCt glyc ↔ glyc[e]
LLACt2r h[e] + lac-L[e] ↔ h + lac-L
Biomass 0.05 5mthf + 0.00005 accoa + 0.488 ala-L + 0.001 amp +

0.281 arg-L + 0.229 asn-L + 0.229 asp-L + 45.7318 atp +
0.00645 clpnEC + 0.000006 coa + 0.126 ctp + 0.087 cys-L +
0.0247 datp + 0.0254 dctp + 0.0254 dgtp + 0.0247 dttp +
0.00001 fad + 0.003 g1p + 0.25 gln-L + 0.25 glu-L +
0.582 gly + 0.154 glycogen + 0.203 gtp + 45.5608 h2o +
0.09 his-L + 0.276 ile-L + 0.428 leu-L + 0.0084 lpsEC +
0.326 lys-L + 0.146 met-L + 0.00215 nad + 0.00005 nadh +
0.00013 nadp + 0.0004 nadph + 0.09675 peEC + 0.0276 pep-
tidoEC + 0.0232 pgEC + 0.176 phe-L + 0.21 pro-L +
0.0026 psEC + 0.035 ptrc + 0.205 ser-L + 0.007 spmd +
0.000003 succoa + 0.241 thr-L + 0.054 trp-L +
0.131 tyr-L +0.139 utp + 0.402 val-L →
45.5608 adp + 45.55735 h + 45.5628 pi + 0.7332 ppi

Exchange F luxes
EX ac ac[e] ↔
EX co2 co2[e] ↔
EX etoh etoh[e] ↔
EX for for[e] ↔
EX fum fum[e] ↔
EX glc-D glc-D[e] ↔
EX glyc glyc[e] ↔
EX h h[e] ↔
EX h2o h2o[e] ↔
EX lac-D lac-D[e] ↔
EX lac-L lac-L[e] ↔
EX nh4 nh4[e] ↔
EX o2 o2[e] ↔
EX pi pi[e] ↔
EX pyr pyr[e] ↔
EX so4 so4[e] ↔
EX succ succ[e] ↔
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