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Recently, there has been an increasing interest in stoichiometric analysis of metabolic flux distributions.
Flux balance methods only require information about metabolic reaction stoichiometry, metabolic
requirements for growth, and the measurement of a few strain-specific parameters. This information
determines the domain of stoichiometrically allowable flux distributions that may be taken to define a
strain’s “metabolic genotype”. Within this domain a single flux distribution is sought based on assumed
behavior, such as maximal growth rates. The optimal flux distributions are calculated using linear
optimization and may be taken to represent the strain’s “metabolic phenotype” under the particular
conditions. This flux balance methodology allows the quantitative interpretation of metabolic physiology,
gives an interpretation of experimental data, provides a guide to metabolic engineering, enables optimal
medium formulation, and provides a method for bioprocess optimization. This spectrum of applications,
and its ease of use, makes the metabolic flux balance model a potentially valuable approach for the design

and optimization of bioprocesses.

iven the need to quantitatively understand metabolic
physiology in order to design and optimize biopro-
cesses, considerable attention has been devoted
towards the mathematical description of metabolic
function. Several attempts have been made to sys-
tematically model metabolic dynamics'® and
reviews are available™. A complete dynamic
description of metabolism requires the knowledge of intricate
regulatory features. However, the enzyme kinetic and regulatory
information required to formulate such detailed dynamic models
has proved difficult to obtain. Thus, the synthesis of detailed
dynamic descriptions of metabolism that account for the kinetics
and regulation of individual enzymes has proven difficult.
Recently, several studies have appeared that attempt to over-
come this limitation. These studies are based on a steady-state
analysis of metabolic pathway stoichiometry along with known
metabolic requirements for growth to describe metabolic flux
distributions and cell growth. This approach has yielded accu-
rate and valuable information about how microbial cells utilize
their metabolic fluxes and optimize their growth rates. Here we
discuss how these models are formulated, their basic scientific
utility, and their practical application.

Formulation of Flux Balance Models

Metabolic flux models are based on the assumption that
metabolic transients are more rapid than both cellular growth
rates and the dynamic changes in the organism’s environment.
Metabolism typically has transients that are shorter than a few
minutes and thus metabolic fluxes are in a quasi-steady state
relative to growth and typical process transients.

The mathematical formulation of the flux balance model
requires two items of metabolic information. First, metabolic
stoichiometry is required to write down all the chemical reac-
tions that take place in the metabolic network of interest. In most
cases this includes all of intermediary metabolism. For Escheri-
chia coli this information is readily available®, and catabolic'® as
well as biosynthetic stoichiometric models'' have been formu-
lated. Eukaryotic metabolic information can be obtained from
standard literature sources and stoichiometric models have been
formulated for these metabolic networks'>',

The second item that is needed is information about the
demands that are placed on the metabolic system. These
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demands include biomass synthesis, maintenance requirements
and, in selected cases, the secretion of an important product. For
prokaryotic systems the major metabolic requirements are the
provision of material for biomass synthesis. These requirements
can be determined from a chemical composition analysis of
the particular cell of interest. The metabolic requirements for
growth have been estimated for E. coli'*'® and also for murine
hybridoma cells". Maintenance requirements can be obtained
from strain-specific experiments'.

Obtaining the metabolic information required to formulate
stoichiometric models is relatively straightforward. Once ob-
tained, this information is put into the appropriate mathematical
framework and the metabolic flux distributions are obtained by
assuming that the cell is striving to meet a particular objective.

Mathematical structure. As shown in Figure 1, the cata-
bolic pathways serve to degrade the carbon source into precur-
sors from which monomers are synthesized which are then
polymerized and assembled into cellular components'*. Mate-
rial balances can be written around a system comprised of a
network of metabolic reactions. Inputs to the system include the
carbon source provided in the culture medium while the outputs
include by-products, additional biomass generated, as well as
any maintenance requirements. The dynamic material balance
determines metabolite concentrations, provided that the kinetics
of the enzymatic reactions are known. The flux balance model
eliminates this requirement by treating the metabolic reaction
fluxes as the unknown quantities that need to be determined.

A metabolic quasi-steady state is assumed. This assumption
is based on the fact that metabolic transients are typically rapid
compared to cellular growth rates and environmental changes.
The consequence of this assumption is that all metabolic fluxes
leading to the formation and degradation of any metabolite must
balance, leading to the flux balance equation'>":

Sev=b n

where S is a matrix containing the stoichiometry of the catabolic
reactions, v is a vector of the ‘n’ metabolic reaction rates, and b
is a vector containing the net metabolite uptake by the cell.
Equation (1) is typically underdetermined since the number of
fluxes normally exceeds the number of metabolites.

Therefore, a plurality of solutions exists and the cell is faced
with an infinite number of choices on how it can distribute its
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FIGURE 1. Flux balance models use material balances around
each metabolite in a metabolic network. Inputs to the meta-
bolic network include the carbon source provided in the cul-
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FIGURE 2. Stoichiometric constraints defined by Eqn. (1)
define a feasible domain in an ‘n’ dimensional space where ‘n’
is the number of metabolic pathways. The feasible domain is
thus conceptualized as the ‘‘metabolic genotype” since it is
determined by the ‘n’ enzyme catalyzed metabolic pathways.
A particular choice of flux distribution is represented by a point
within the feasibile domain and is conceptualized as the
“metabolic phenotype” since the particular flux distribution is
a characteristic of the organism’s response to the culture
environment.

metabolic fluxes. The choices are constrained by the stoi-
chiometric matrix and these constraints form a domain of stoi-
chiometrically allowable behavior as illustrated in Figure 2.
This domain may be thought of as defining the “metabolic
genotype” of the strain since it describes the metabolic flux
distributions that can be achieved with the metabolic enzymes
that the strain possesses. The enzyme *““portfolio” of a strain thus
determines its “metabolic genotype”. It can be changed through
genetic engineering.

The mechanisms by which metabolic flux distributions are
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ture medium while the outputs include by-products, additional
biomass generated as well as the maintenance requirements.

chosen is a complex interplay of enzymatic and genetic regula-
tory events. Not all of these events are known in detail. However,
the evolutionary selection process forces micro-organisms to
make these choices such that the survivability of the cell is
enhanced and the network acts in concert to attain this “optimal
metabolism”. For a given environment a given cell chooses to
express and regulate a specific set of metabolic enzymes which
act in concert to produce a particular metabolic flux distribu-
tion, which may be thought of as the “metabolic phenotype”
of that strain under those conditions (Fig. 2). It is expected that
the metabolic phenotype of wild-type strains is defined by a
tendency to optimize their growth rates, at least in nutritionally
rich environments such as those found in the majority of
bioprocesses.

Why optimize? A particular solution for the distribution of
metabolic fluxes may be found using linear optimization by
stating an objective and secking its maximal value within the
stoichiometrically defined domain (Fig. 2). The reasons for
choosing optimal metabolic behavior fall into three basic catego-
ries. First, optimization of growth usually confers a growth
advantage that is selected for by natural processes. Thus, the
determined flux distribution can be used to describe experimen-
tal results and to predict how cells will respond to changes in
their environment. Second, one can determine the maximum
allowable production capability of a particular strain and appro-
priate metabolic engineering strategies can be developed for
strain design. Third, a bioprocess engineer can seek to optimize
process design and control, for instance, through optimal
medium formulation.

To illustrate, a maximal growth objective is implemented
as follows'®:

Minimize Z=-V,, 2)
Yd, M % biomass 3)
allM

where d,, are the requirements in mmol/g biomass of the M
biosynthetic precursors and cofactors required for biomass pro-
duction. V,, is the growth flux (g biomass produced) which,
with an appropriate basis (1 g DW-hr), reduces to the growth
rate (g biomass produced/g DW-hr).
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FIGURE 3. Optimal aerobic growth and secretion of by-prod-
ucts predicted by the flux balance model for E. coli during
glucose limited growth. Reproduced from ref. 20.

The linear optimization problem described above has an
interesting mathematical duality™. The solution to the dual prob-
lem, the dual variables (v;), have a useful interpretation as the
shadow prices. The shadow price defined in Eqn. (4) provides a
useful intrinsic measure of the value of a metabolic intermediate
towards optimizing the objective.
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The shadow price (7y;) measures the marginal increase in objec-
tive (Z) possible due to the addition of the i* metabolite. With
growth as the objective, the shadow price indicates the marginal
usefulness of a metabolite towards accelerating the growth rate.
The shadow price of metabolites have been used to explain the
phenomenon of by-product secretion in E. coli®® and also to
determine the trade-off between growth and biochemical pro-
duction'!. The usefulness of a product, such as acetate, repre-
sented by the product’s shadow price essentially determines the
secretability of the product. Shadow prices may also be used to
evaluate the ability of various medium components to enhance
the stated objective.

Applications of Stoichiometric Flux
Balance Models

Stoichiometric models have been used to address a variety of
issues including basic metabolic physiology, simulation and
interpretation of experimental data, metabolic engineering, opti-

mal medium formulation, and process design. They have also
been used for educational purposes?' .

Quantitative metabolic physiology. Flux balance models
have been used to examine the physiology of ATP produc-
tion during fat synthesis by adipocytes'? and also the phenome-
non of metabolic by-product secretion by microorganisms. Etha-
nol secretion by yeast?® and acetate secretion by Escherichia
coli?**>®'7 have been shown to arise from a balance between
oxidative and reductive pathways.

The application of flux balance models to the interpretation
of metabolic physiology can be illustrated by the computation of
by-product secretion. Figure 3, reproduced from ref. 20, shows
the optimal by-product secretion computed using the flux bal-
ance model formulated for E. coli. The figure shows the com-
puted relationship between nutrient uptake rates and by-product
secretion rates as a function of the growth rate. As growth rate
increases the nutrient consumption per cell is found to increase.
However, at high growth rates the oxygen utilization capacity is
reached and the cell faces a condition of surplus reductive
potential. For higher growth rates the metabolic fluxes re-
distribute® leading to a secretion of by-products as a means to
eliminate surplus redox. Acetate secretion has been experi-
mentally observed corresponding to the flux balance model
predictions for E. coli"’*%*. Thus, flux balance models provide
a prediction and interpretation of the metabolic physiology of
microorganisms.

Interpretation of experimental data. The ability to extract
intracellular information on pathway utilization using the flux
balance model suggests that the model is suitable to serve as a
process model for process control applications. A detailed flux
balance model specified for the ‘wild type’ E. coli W3110 strain
has been shown to accurately predict growth and by-product
secretion of the bacterium. Figure 4, reproduced from ref. 17,
illustrates the ability of the model to predict growth, glucose
consumption, acetate secretion and reconsumption from the
culture medium. Thus, knowing the response of cells to a partic-
ular culture environment, optimal feed strategies can be formu-
lated to optimize a particular bioprocess.

As an alternative to linear optimization one can sometimes
reduce the dimensionality of Eqn. (1) by experimentally mea-
suring some of the metabolic fluxes. Thus, flux balance tech-
niques may be coupled to extracellular measures of culture
parameters in order to uniquely determine the intracellular
metabolic flux distribution?”-*. Stoichiometric flux balance tech-
niques have used this approach to analyze microbial fermen-
tation data in order to determine the intracellular reaction
fluxes*-*. These methods show promise in determining yields
and selectivities as well as the fermentation biochemistry.
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FIGURE 4. Flux balance model predictions compared to experi-
mental data for aerobic fed-batch culture with continuous glu-
cose injection at 0.2g Gic/I-hr, reproduced from ref. 17. The
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time profile of cell density, glucose, and acetate concentra-
tions are shown with model predictions given as the solid line.
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quantitative method enabling metabolic pathway analysis and
design for bioprocesses optimization. Metabolic pathway engi-
neering as a field of study has been recently reviewed>¥. Its
primary goal is to design engineered strains to achieve higher
efficiencies in metabolite overproduction through alterations in
the metabolic flux distribution. Flexibility of the metabolic flux
through key pathways has been determined for Corynebacterium
glutamicum?®® in order to find ‘principal’ and ‘rigid’ nodes and
reviews are available®*¥.

To illustrate the use of flux balance analysis for metabolic
engineering, consider the production of the amino acid tryp-
tophan. Figure 5a, shows a metabolic flux distribution that is
optimized for tryptophan production which may be contrasted to
the pathway utilization for optimal growth!!. Using the flux
balance techniques, one is able to determine the changes needed
to shift the metabolic pathway utilization from producing bio-
mass towards producing the desired biochemical species. Thus,
it is possible to state production targets and desirable strain
manipulations using flux balance models.

Optimal medium formulation. Stoichiometric techniques
have been applied to a rational development of cell culture
medium®#. Instead of considering the entire metabolic path-
ways these studies have determined the stoichiometric rates of
nutrient consumption. By optimizing the nutrient feed, accumu-
lation of waste products has been reduced several fold for a
hybridoma culture®.

Quantification of metabolic fluxes has been carried out for
bacterial cultures*!, and insect cell cultures*. In these studies it
has been possible to determine the pathways of nutrient con-
sumption and evaluate nutrient consumption. Flux balance tech-
niques have also been applied to murine hybridoma cell
metabolism and consumption of medium components'>*.

Generally, a flux balance model may be formulated using
known metabolic stoichiometry and metabolic demands. The
optimal uptakes rates of various nutrients may be determined by
linear optimization and this information can be used to state the
desired medium composition. Several criteria can be used for
optimization such as maximizing growth rate, minimizing waste
products, maximizing product formation, etc. In addition, dif-
ferent optimal culture criteria can be specified for different
phases of a culture.

Process design and optimization. A flux balance model of
E. coli has been used to determine process conditions that may
enhance strain stability. Figure 5b illustrates the conditions for
increased stability during tryptophan production. Stability of a
production strain is enhanced at the minimum growth advan-
tage, S. The growth advantage is defined as a ratio of the growth
rate of a non-producing network to the growth rate of a product
producing metabolic network. The results computed using the
flux balance model show that an optimal glucose to oxygen
supply ratio can enhance the stability of a production strain.
Thus, optimal feed strategies can be designed that allow for
higher productivities with the aid of a flux balance model.

Conclusion

The examples outlined in this review illustrate the potential
usefulness of flux balance based metabolic models. Their appli-
cations span the interpretation of experimental data, quantitative
insights into metabolic physiology, design methods for meta-
bolic engineering, optimal medium formulation, and bioprocess
design and optimization. The formulation of flux balance
models is relatively simple and requires only the statement of
metabolic reaction stoichiometry, enumeration of the demands
that a metabolic network must meet, and the experimental mea-
surement of strain specific parameters'’. Their ease of formula-
tion, versatility in use and broad spectrum of applications,
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FIGURE 5. (a) Optimal pathway utilization computed using the
flux balance model for aerobic tryptophan production repro-
duced from ref. 11. (b) Population stability (S) during tryp-
tophan production is computed from a flux balance model as a
function of the oxygen supply. Population stability S is defined
as the growth rate ratio between a non-producing network (1.,
over a tryptophan producing metabolic network (i,). Repro-
duced from ref. 44.

make metabolic flux balance models a potentially significant
new method for the analysis of metabolic physiology and the
design of optimal bioprocesses.
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