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ABSTRACT

To enhance metabolic engineering efforts, a general, non-invasive procedure has been
developed by which the primary metabolism of an organism (ie., glycolysis,
tricarboxylic acid cycle, pentose phosphate pathway, etc.) can be represented in a
simple mathematical framework that permits metabolic carbon-flux distributions to
be estimated from the measured accumulation rates of extracellular metabolites. The
approach is based solely on biochemically constrained metabolite balances and a
pseudo-steady state approximation for intracellular metabolite accumulation rate;
consequently, knowledge of enzyme kinetics is not required. This representation
allows metabolic networks to be readily analyzed for singularity and sensitivity
problems, and incorporates a measurement consistency routine, which insures that
measurements properly comply with biochemical constraints and the pseudo-steady
state approximation. Theoretical flux distributions are readily determined and are
employed to calculate the maximum product yield sustainable by the assumed
biochemistry. Analysis of theoretical flux distributions facilitate the identification of
key branch-points in the metabolism where flux alterations must occur in order to
achieve improvements in product yield. If any of these key branch-points, referred
to as principal nodes, are regulated in vivo such that flux partitioning at a node is
maintained constant or otherwise bounded, then the overall metabolic network will
appear rigid to flux alterations, and improvements in product yield may not be
realizable by simple enzyme attenuation or deletion techniques commonly employed
for strain improvement. To assess the degree by which a principal node may limit
product yield, its response to a local metabolic perturbation is examined. Possible
nodal responses are classified as: 1) flexible, if flux partitioning is not bounded; 2)
weakly rigid, if flux partitioning is bounded but not controlled; and 3) strongly rigid,
if flux partition is actively controlled.

"To demonstrate these techniques, lysine production from glucose by Corynebacterium
glutamicum ATCC 21253 is examined. Analysis of the metabolic network of C
glutamicum reveals two singular groups associated with 1) the TCA cycle and the
glyoxylate shunt, and 2) four carboxylation reactions. These network singularities,
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however, are easily removed since in vitro assays demonstrate that the glyoxylate
shunt in not expressed in the presence of glucose and that phosphoenolpyruvate
(PEP) carboxylase (PPC) is the only significant carboxylation reaction. Flux
distributions generated from a controlled lysine fermentation are consistent with the
preconceived operation of the metabolic pathways and agree well with tracer-based
flux estimates documented in the literature. Theoretical flux analysis of the network
reveals that the maximum molar lysine yield from glucose is 75%. Three principal
nodes are identified at the glucose-6-phosphate (Glc6P), PEP, and pyruvate (Pyr;
branch-points.

Flux analysis of a Glc6P isomerase attenuated mutant, isolated from C. glutamicum
ATCC 21253, during a lysine fermentation indicates that the Glc6P node is not
weakly rigid. Analysis of the ATCC 21253 strain cultivated on gluconate indicates
that lysine yield is not limited by NADPH supply. It is concluded that the Glc6P
node is flexible. Examination of the flux distributions in a pyruvate dehydrogenase
complex (PDC) attenuated mutant, isolated from the ATCC 21253 strain, reveals that
the Pyr node is not weakly rigid. Diversion of pyruvate from the TCA cycle following
the addition of arsenite or fluoropyruvate during a ferment.tion indicates that the Pyr
node in not strongly rigid and that Pyr does not limit lysine yield, which implicates the
PEP node as the source of the network rigidity.

To examine the cause of the PEP node rigidity, a kinetic-based model is constructed
incorporating enzyme kinetics for enolase, PPC, Pyr kinase (PK), aspartate (Asp)
aminotransferase, PDC, Asp kinase (AT), and citrate synthase. Analysis of this
model indicates that the PEP node is strongly rigid due to the allosteric control of
PPC activity by Asp and acetyl coenzyme A (AcCoA). Since PPC requires activation
by AcCoA to overcome inhibition by Asp, diversion of carbon from the TCA cycle
results in a loss of PPC activation and a collapse of the PPC flux. As a result,
attempts to enhance lysine yield via attenuation of PK or PDC activity only result in
overall network flux attenuation. Furthermore, the rigidity of the PEP node is
enhanced by the poor affinity of AK for Asp and the strong affinity of PK for PEP.
To circumvent the strong rigidity of the PEP node, it is recommended that C.
glutamicum be transformed with a gene that encodes for a PPC that is resistant to
inhibition by Asp and does not require activation by AcCoA.

Thesis Supervisor: Dr. Gregory N. Stephanopoulos

Title: Professor of Chemical Engineering
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‘Il don’t know what you mean by
Chapter 1 “glory,”’ Alice said. Humpty Dumpty
smiled contemptuously. ‘Of course you

don’t—till I tell you. I meant “there’s a

IntI'OdUCtion nice knock-down argument for you!"”

‘But “glory” doesn’t mean ‘“a nice
knock-down argument,”” Alice objected.

‘When I use a word,” Humpty Dumpty
said, in rather a scomnful tone, ‘it means
just what I choose it to mean—neither
more nor less.’

‘The question is,’ said Alice, ‘whether
you can make words mean so many
different things.’

‘The question is,’ said Humpty Dumpty,
‘which is to be master-——that’s all.’

—Lewis Carrol, 1871

Through the Looking-Glass

Biochemical engineering covers a multitude of disciplines; hence, for brevity
(or perhaps arrogance), there is a tendency to mix jargon between disciplines, which,
of course, can be rather confusing. To make matters worse, I have introduced some
new terminology, where needed, to facilitate discussion on the analysis of metabolic

networks. Hopefully, the reader will not be as confused as poor Alice.

1.1 Motivation

In order to obtain high yields in the microbial production of primary
metabolites, such as amino acids, the ‘ﬂow of carbon through the primary metabolism
(i.e., glycolysis, the TCA cycle, the pentose phosphate pathway, etc.) must be radically
redirected from the pathways that normally support balanced growth. Such metabolic
flux alterations directly oppose the enzyme level control mechanisms that are

responsible for maintaining flux distributions optimal for growth. We refer to this
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resistance as metabolic or network rigidity, which must be removed in order to attain
improvements in product yield. Although modifications of the primary metabolism
can now be achieved through molecular biology, the choice of enzymes to be
amplified or aitenuated to mitigate network rigidity rernains uncertain, and yield
enhancements via metabolic modifications are largely pursued by trial and error.
Hence, there is a clear need to develop a robust technique to identify limitations in
the primary metabolism.

Kinetic-based models of cellular metabolism and their analysis can sometimes
reveal potential limiting enzymes or metabolic control archiiectures that may be
responsible for network rigidity. These approaches, however, require detailed kinetic
information that is often unavailable or severely limited for all but a few well-studied
organisms. Consequently, the kinetic-based approach cannot be widely applied.
Experimental techniques based on stable or radioactive isotope traces have been
utilized to estimate flux distributions through metabolic networks. Unfortunately,
these techniques can be experimentally taxing and are not easily extended beyond
shaker flask studies or employed for on-line monitoring due to the expense or
radioactivity of the tracer. Furthermore, a general framework has not been
developed to utilized the information from metabolic flux distributions to identify

limitations in the primary metabolism.

1.2 Objectives

® Develop a general procedure by which flux distributions in the primary
metabolic pathways can be estimated from measurements that can be readily

attained during the course of a fermentation.

® Develop a technique by which flux distribution estimates can be employed to

identify limitations in the primary metabolism that constrain product yield.

® Apply these techniques to identify metabolic limitations that affect lysine yield.
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1.3 Approach

To estimate the carbon flow through the primary metabolic pathways, we have
extended and generalized ad hoc methodologies based on metabolite (ie., mass)
balances that have been previously employed to examine fermentation processes.
The approach, which is conceptually identical to tracer-based methods, utilizes
constraints imposed by the biochemistry, a pseudo-steady state approximation for
intracellular metabolites, and the measured accumulation rates of extracellular
metabolites to generate flux distribution maps during the course of a fermentation.
However, as inferred above, flux distribution maps, whether constructed from
metabolite balances or tracers, do not directly identify limitations in the primary
metabolism. To address this fundamental problem, general mechanisms are proposed
by which the primary metabolism may limit product yield.

It will be demonstrated that the metabolite balance technique can be readily
used to calculate theoretical flux distributions in the primary metabolism, which
facilitates the identification of key metabolic branch-points where flux alterations
must occur in order to achieve improvements in product yield. Although a
considerable amount of research has focused on identifying "bottleneck" enzymes in
a pathway (provided enzyme kinetics are available), relatively little emphasis has been
placed on how branch-point flux partitioning is controlled, even though maximizing
product yield ultimately relies on redirecting flux distributions at these key points.
If any of these key branch-points, referred to as principal nodes, are regulated in vivo
such that flux partitioning at the node is maintained constant, then the overall
metabolic network will appear rigid and improvements in product yield will not be
realizable by simple enzyme attenuation or deletion techniques commonly employed
for strain improvement. Therefore, if a rigid principal node is present, its
identification is imperative. Based on this premise, techniques are presented to
examine principal node rigidity from local metabolic perturbations.

To demonstrate these techniques, we have chosen to investigate the microbial
production of lysine from glucose by Corynebacterium glutamicum ATCC 21253.
This organism displays characteristics of metabolic rigidity since deregulation of lysine

synthesis typically results in lysine yields that are only 50% of the theoretical
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maximum. Numerous attempts to perturb the metabolism, via enzyme attenuation,
in favor of lysine synthesis have been met with only marginal success, and it is
believed that the suboptimal lysine yield is due to nodal rigidity in the primary
metabolism that supplies lysine precursors. We have focussed our research interests
on 1) estimating fiux distributions, 2) identifying the principal nodes in lysine

synthesis, and 3) asscssing principal node rigidity through metabolic perturbations.

1.4 Thesis Organization

Kinetic-based techniques employed for metabolic flux estimation and analysis
are reviewed in the first sections of Chapter 2. Although most of the techniques
presented in these sections were not employed in this study, they represent
alternative methods to that developed in Chapter 4. Hence, the review provides the
background by which the techniques developed Chapter 4 may be gauged. The last
section of Chapter 2 reviews experimental techniques of metabolic flux estimation,
including the metabolite balance techniques that are extended in Chapter 4. The first
part of Chapter 3 reviews the primary biochemistry of glutamic acid bacteria as well
as the pathways necessary to support biomass and lysine synthesis. Section 3.3
reviews the metabolic modifications that have been attempted to improve lysine
producing strains. The last section of Chapter 3 briefly reviews the lysine
fermentation. In Chapter 4, metabolic flux estimation and analysis techniques are
thoroughly developed, and applied to the lysine network reviewed in Chapter 3. In
Section 4.2, techniques for estimating theoretical yields are presented, and in Section
4.3, the basic premiss underlying metabolic rigidity is formulated. The framework
present in Section 4.3 is crucial since it forms the justification of the experimental
approach proposed for the identification of metabolic branch-point limitations.
Although the procedures for enzyme assays, strain isolation, and fermentation
operation occupy the bulk of Chapter 5, in Section 5.3, results are presented on the
dominate pathways present in C. glutamicum ATCC 21253. In Chapter 6, results are
presented on the metabolic perturbations used to asses the rigidity in the lysine
metabolic network. In Section 6.5, a kinetic model is developed to illustrated the

cause of the metabolic rigidity.



Chapter 2
Metabolic Flux Estimation Review

There are two general techniques employed to estimate flux distributions in
metabolic networks. The first technique, discussed in Section 2.1, relies on kinetic
expressions to represent the enzymatic reactions that comprise the metabolic
pathways. These expressions, coupled with reaction stoichiometry, are used to
construct a kinetic based-model of cellular metabolism, which can be solved
numerically for the flux distributions. The advantage of a kinetic-based description
of metabolism is that it can be analyzed for control architecture, as well as rate
limiting reactions. Such analysis techniques are reviewed in Section 2.2. The obvious
disadvantage to the kinetic-based approach is that detailed kinetic expressions for
enzymatic reactions are often unavailable. Furthermore, the analysis of large kinetic
models can tax numerical techniques and is often not amenable by analytical
techniques. To circumvent such constraints, experimental base techniques can be
employed for metabolic flux estimation, which are reviewed in Section 2.3. These
techniques only require knowledge of the biochemistry; however, they cannot be used
to predict metabolic response to enzymatic perturbations. Such perturbations must

be conducted experimentally, as discussed in Chapters 4 and 6.

2.1 Kinetic-Based Models
2.1.1 Degree of Complexity

The kinetics of a metabolic network can be represented at two basic levels of

complexity. Consider the following enzyme catalyzed reaction
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ki ks
E+S2ES2E+P (2.1)
ko ke

where E, S, ES, P represent the enzyme, substrate, enzyme-substrate complex, and
product, respectively, and k; are rate constants. From the law of mass action, the

overall rate of product formation is given by the following set of equations

ds] _ . B} :
901 = 1, [ES] + K[S)ES] - k[E,]JS] (22)
I K[ES) - k(B[P + k[ES][P) 23)

d[ES] _ . P . .
A - [S)E] + KPIE] - (k. + k, + KkS] + K PD[ES]  (24)

wheie [E,] is the total enzyme concentration given by [E] + [ES]. We will refer to
such expressions as microkinetic representations since the various enzyme complexes
are described in detail. Although a microkinetic expression can accurately capture
the true dynamics of an enzyme catalyzed reaction, the dimensionality of these
expressions can become extremely large (on the order of twenty differential equations
or more) when complex enzymes, such as allosteric enzymes, are involved [see
Hayashi and Sakamoto (1986) for examples]. If the desired goal is to model a
metabolic network, which may consist of 10 to 100 or more enzymatic reactions, then
the microkinetic representation of the network can become prohibitively large,
particularly if several allosteric enzymes are present. Furthermore, the rate constants
associated with the formation and breakdown of the enzyme complex are such that
they often introduce significant time scale separation into the corresponding
differential equations. Systems with significant time scale separation are referred to
as stiff, and can introduce computational problems if not properly handled [Hayashi
and Sakamoto, 1986]. Another disadvantage to the microkinetic representation is the
lack of information on rate constants for the various enzyme-complex reactions

associated with the detailed kinetics. Nevertheless, microkinetic representations are
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often the only recourse for certain applications and have been employed to model
metabolic networks, as we will see below.

If a quasi-steady state approximation is invoked for the ES complex (ie.,
Equation (2.4) is set to zero) [Alberty, 1959], then Equation (2.3) can be simplified

lo:

dip] _ (kk[S] - k_k [P})[E|] (2.5)
.k, + kg + kS + k[P

This equation further simplifies to the classic Michaelis-Menten expression if the
decomposition of the enzyme complex to product is assumed irreversible (ie.,
k_, = 0) [Briggs and Haldane, 1925]. Although Equation (2.5) is an approximate
solution to Equations (2.2)-(2.4), it is often a valid approximation [Vergonet and
Berendsen, 1970; Segel, 1988]. We will refer to such a representation of an
enzymatic reaction as a macrokinetic expression, in order to differentiate it from the
microkinetic expression. The two main advantages of the macrokinetic representation
are 1) the extreme reduction in system dimensionality, and 2) the availability of
kinetic parameters from Lineweaver-Burk plots, Hill plots, etc. [Segel, 1975]F. For
example, whereas the microkinetic representation of an allosteric enzyme may consist
of 10 to 20 differential equations, the macrokinetic representation would only consist- -
of one algebraic expression, whose rate parameters could be obtained from a Hill
plot. Furthermore, if determining the steady state flux distribution and metabolite
concentrations are the main objectives, then the macrokinetic expression is
preferable, as both micro and macro representations yield the same steady-state

results.

t Segel is also an excellert reference on the development of macrokinetic rate
law expressions.
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2.1.2 Metabolic Models

Although modeling of biochemical kinetics dates back to ca. 1900, it was not
until the advent of computational methods (i.e., analog and digital computers) that

signifjcant advances in quantitative metabolic kinetics were attained [Garfinkel, 1981].

Computational methods are required since the representation, either micro- or
macrokinetic, of a system of enzymatic reactions is highly nonlinear and analytical
solutions can seldom be obtained. Furthermiore, studies on cognition have revealed
that jhe mind can simultaneously follow only a few unrelated variables or feedback
loops! [Miller, 1956]. Hence the requirement for computational solutions.

Some of the first computer models were employed to study the enzyme
kinetics associated with state transitions observed in the respiratory chain [Chance
and Williams, 1956]. Using an analog computer, the authors where able to simulate
experimentally observed respiratory transitions from State 4 to State 3, and back to
State 4, upon the addition of a phosphate acceptor (ADP). These simulations
validated the crossover theorem and the proposed phosphorylation sites of the
respiratory chain [Chance et al., 1955, 1958].

Shortly following the above publications, a microkinetic model was developed
on a digital computer to simulate glycolysis and respiration in ascites tumor cells
[Chance et al, 1960]. The model was fairly simplistic due to computer limitations,
and the microkinetic approach was required since the model was intended to simulate
fast transients. Only a few reactions were used to represent glucose phosphorylation
and glycolysis, and all the enzymes of the TCA cycle were lumped into one reaction.
However, oxidative phosphorylation was well represented and accounted for the
effects of uncoupling agents. Another salieiit feature of the model was the
compartmentalization of ATP into two isolated—nonmixing—pools, representing the
mitochondrial and cytoplasmic ATP reserves. The simulation presented illustrated
the transients associated with endogenous metabolism and its response to the addition
of glucose and subsequent addition of an oxidative phosphorylation uncoupling agent.
Although the kinetic model was fairly simplistic, it was able to capture the general
dynamics observed experimentally, including responses similar to the Pasteur and

Crabtree effects. These effects, as well as the overall metabolic control, were



29

attributed to the compartmentalization of ATP and the availability of ADP. Even
though this paper was one of the first in the field, it concisely demonstrated the
usefulness of kinetic models in confirming hypothesis regarding metabolic control.

In a subsequent study, the above model was vastly expanded to account for
all the enzymes of glycolysis, including reversibility of reactions and feedback
inhibition by metabolites [Garfinkel and Hess, 1964]. Despite the lack of the TCA
cycle or pentose phosphate pathway, the increased number of enzymatic reactions
and the microkinetic representation produced a model consisting of 89 differential
equations and 65 chemical species. Not surprisingly, computational problems were
encountered, undoubtedly due to significant time scale separation in the model—I/.e.,
stiffness. Although the increase in complexity resulted in better agreement between
experimental data and model predictions, the adenine nucleotides ‘were still found to
be the most important controlling factors in the model. If nothing else, this second
paper illustrates the general trend in the field to construct metabolic models with
ever increasing complexity.

Other systems that have been modeled by Garfinkel et al include the TCA
cycle [Garfinkel, 1971a,b] and the gluconeogenesis pathway [Achs et al, 1971;
Anderson et al, 1971] in perfused rat livers, and a relatively complete metabolic
model for perfused rate hea.t [Achs and Garfinkel, 1977a,b]. These models differ
from those discussed above in that they appear to rely on macrokinetic
representations (complete details of the models are not provided and are difficult to
assess) and experimental data is used to fine tune model parameters. Once the
model is constructed it is evaluated for controlling reactions by simply observing the
response of the model to induced perturbations, a somewhat ad hoc, though fairly
effective, sensitivity analysis. For instance, it was found from the studies on perfused
rat livers that the TCA cycle is strongly affected by pyruvate carboxylase activity and
oxaloacetate concentration, and gluconeogenesis is governed by the supply of
phosphoenolpyruvate rather than by nucleotide concentrations. Studies on the
perfused rat heart have provided a considerable amount of data on the transient
responses of the metabolism to anoxia and glucose addition, the description of which

is beyond the scope of this review. Furthermore, the authors were able to construct
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flux distribvtion maps, similar to those described in Chapter 6, during the induced
transients. In general, however, these complex models appear similar to those
developed carlier.

Recently, an extensive macrokinetic model has been constructed for the
Human red blood cell—or erythrocyte—[Joshi and Palsson, 1989a,b,1990a,b]. The
model consists of 33 differential equations (mass balances) and 41 macrokinetic rate
expressions, and accounts for glycolysis, the pentose phosphate pathway, nucleotide
metabolism, the Na*/K* ion pump, osmotic balance and electroneutrality (the TCA
cycle does not exist in erythrocytes). Predicted steady-state intracellular metabolite
concentrations agree well with experimental measurements, and steady-state fluxes
appear acceptable and agree with the limited data available. However, many aspects
of the model were not compared to experimental data, and the usefulness of the
model, other than as a review and compilation of previous results, was not
significantly discussed. This is unfortunate as the model appears to incorporate
sufficient rigorous information to be employed as a predictive iool, which could be

used to formulate conditions for enlightening experimental work.

2.1.3 Cellular Models

Cellular models are similar to the macrokinetic models discussed above, in the
sense that kinetic rate expressions and mass balance constraints are utilized to
construct a set of differential equations intended to represent cellular functions. The
main difference between cellular models and those discussed in the previous section
resides on the scope of the model. Cellular models are intended to integrate the
fundamental processes of a single cell, including synthesis of precursor metabolites,
transcription, translation, cellular volume and composition, and replication and
sporulation (where applicable). Such representations are basically the extreme of
structured growth models. Cellular models are typically employed to obtain estimates

for macroscopic parameters, such as growth rate under varying conditions, cell

T Although the flux dist:ibution map is constructed from transient conditions, no
significant violation of the pseudo-steady state approximation is observable
(see Chapter 4).
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volume, DNA replication rate, etc., as well as to elucidate the mechanisms of the
overall cellular control. These models not only account for the synthesis of primary
metabolites, but also the synthesis of protein, cell wall components, RNA, and DNA.
To minimize the dimensionality of these models, enzymatic reactions of an entire
pathway are often lumped into one overall rate expression and many metabolites are
pooled into one group, such as "amino acids". Consequently, cellular models do not
typically contain enough detail on the primary metabolism to be useful for metabolic
studies, so the results obtained from such modeling will not be reviewed here. The
interested reader is referred to the cellular models constructed for Escherichia coli
[Domach et al, 1984; Peretti and Bailey, 1986] and Bacillus subtilis [Jeong et al.,

1990] for more information.

2.1.4 Summary

Kinetic models not only provide estimates for steady-state flux distributions
and metabolite concentrations, but are also useful in elucidating metabolic controls.
Furthermore, since kinetic models are predictive, the effects of metabolic
modifications, such as attenuation or amplification of enzyme activity, can be studied.
There are several problems, however, associated with such models. Often, the
detailed kinetic information required is unavailable, and even if it is, there is no
guarantee that the expressions are comprehensive. It is quite conceivable that
published kinetics on a particular enzyme may not account for the affects of a crucial
inhibitor or activator. Since the response of a metabolic network strongly aepends
on the feedback architecture and/or enzyme regulation, incorrect kinetic information
can lead to erroneous conclusions regarding metabolic control or rate limiting
reactions. Even if accurate kinetic expressions are available, the identification of the
controlling reactions in a complex metabolic network can be quite difficult. It is
somewhat ironic that the kinetic models intended to elucidate cellular metabolism
have become as complex and as difficult to comprehend as the organisms themselves.
Not surprisingly, techniques for simplifying kinetic model expressions and identifying
rate limiting reactions have received ~xtensive attention in the literature, as reviewed

in the next section.
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2.2 Analysis of Kinetic Based Models

Once the metabolic functions of the cell are cast into a mathematical
representation, they can be manipulated to the extent permitted by mathematical
analysis. Consequently, there are quite literally hundreds of papers covering the topic
of metabolic network analysis, a tutorial review of which is given by Heinrich et al.
(1977). These papers generally fall into two main categories: 1) those that attempt
to simplify the kinetic models so that the overall dynamics ¢ “ the metabolism can be
analyzed; and 2) techniques that attempt to identify controliing or rate limiting
reactions. Although neither of these techniques are employed in this thesis, they
represent alternative network analysis methods to that developed in Chapter 4.

Therefore, they justify a brief review.

2.2.1 Analysis of Model Dynamics

Several similar techniques, based on traditional systems analysis, have been
developed to simplify and analyze kinetic-based models of metabolism. In general,
these techniques are not well suited for the purpose of uniquely identifying product
limiting enzymes; they do, however, elucidate inherent metabolic controls that also
need to be understood to optimize the metabolism leading to product synthesis.
Since the techniques are based on modal analysis, this is briefly reviewed first [also
see Luenberger (1979) and references given below].

The set of differential equations that describe macru- or microkinetic models,

such as Equations (2.2)-(2.3), can be expressed as

as’ _ ’
o - F(S") (2.6)

where §' is a vector of metabolite concentrations (and enzyme concentrations if a
microkinetic description is used) and F is a vector of nonlinear functions in §’. This
equation can be linearized around the steady state, S{, which satisfies F(S{) = 0,

to give the following linear equation
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ds
L~ £ 27
dt

where J is the well known Jacobian matrix of F and S is now the deviation from
steady state variable, given by S = §' — S{. This linearization is required since
analytical solutions to the nonlinear expressinn, Equation (2.6), do not typically exist
and analysis techniques have only been developed for linear systems. If the proper

linear transformation is applied, Equation (2.7) can be expressed as

dm

= Am 2.8
= (2.8)
where m is a vector of modes and A is a diagonal matrix composed of the eigenvalues

of J. The linear transformation which accomplishes this is given by
m = M™'S (2.9)

where M is referred to as the modal matrix whose columns are the eigenvectors of
J. As evident from Equation (2.8), the linear transforination describes a basis in
which the modes of the system are decoupled. Consequently, the solution to

Equation (2.8) is readily determined and given by
m; = myexp(it) fori=1,..,k (2.10)

where m; are elements of m, m;, are their initial conditions, 4; are the diagonal
elements of A (eigenvalues), and k is the dimension of S. Each mode has its own
dynamics and moves at a characteristic time, or time constant, 7;, given by
1/|Re(4;)|. The solution in terms of S is easily obtained by applying the inverse

transformation to Equation (2.10), shown here

S = Mm = m, exp(4,t)M, + m,.exp(lt)M; + ... + m, exp(A, )My (2.11)
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where M, are the column vectors of M. Although the dynamics of each mode is
characterized by a single time constant, it is clear from Equation (2.11) that the
concentration of any particular metabolite is characterized by a spectrum of time
constants. Consequently, it is easier to analyze systems in modal space and then
transform the result back to concentration space. It is important to realize that
Equation (2.11) accurately represents the true system only in the neighborhood of the
steady state, Le., near S = 0. To our knowledge, the extent a metabolic system can
be perturbed from its steady state and still be described by Equation (2.7) has
received relatively little attention. This is unfortunate since most metabolic
modifications, such as enzyme deregulation, amplification, or attenuation, represent
significant metabolic perturbations. Nevertheless, analysis of Equations (2.10) or
(2.11) have proved to be insightful, as reviewed below.

It is not the actual solution of Equation (2.7), given by Equation (2.11), that
is of interest here since it too will be fairly complex. If the solution was the only
objective, then the above analysis is needless since the original nonlinear system can
almost always be solved numerically, as reviewed in Section 2.1. Rather, it is how the
linear solution may be approximated and how these approximations affect the original
nonlinear system that are of interest. One of the first simplifications that can be
investigated is that of time scale separation. If certain modes of Equation (2.10) have
fast time scales (r¢) and others have slow time scales (7s) such that 7z <« 75, then
those modes with fast time scales will reach their steady state values much sooner
than those modes with slow dynamics. Furthermore, if 7 is small compared to time
scales of interest, then those modes with times scales 7 or smaller may be relaxed
(ie., set to zero). Consequently, differential equations may be replaced with
algebraic expressions. Time scale separation has been found to be predominant in
both macro and microkinetic based models [Heinrich and Sonntag, 1982; Reich and
Selkov, 1975]. In macroscopic models, time scale separation has been used to
remove enzymatic reactions with fast dynamics and to lump metabolites into
appropriate pools [Liao and Lightfoot, 1938b; Palsson and Joshi, 1987]. With this
analysis, macrokinetic models, such as those reviewed in Section 2.1, which consist of

many metabolites and differential equations, may be reduced to just a few. Palsson
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and Lightfoot (1984) have used time scale separation to demonstrate the validity of
the quasi-steady state approximation and when its use is inappropriate.

The above analysis also employs another separation technique to simplify
Equation (2.11). If M is diagonal, the metabolites themselves are the modes and can
be readily evaluated since they are not coupled. The off-diagonal terms of M
indicate the extent of interaction between the metabolites, as given by Equation
(2.11), and their magnitudes are a function of the system parameters. Although M,
in general, is not diagonal, with proper scaling of the system, Palsson and Lightfoot
demonstrated that the diagonal terms of M vanish or are easily evaluated at various
limits. This allowed them to examine the limits under which the quasi-steady state
approximation is valid. They have also examined enzyme cooperativity in dimeric
enzymes [Palsson et al., 1984].

Liao and Lightfoot (1988a) have developed an experimentally coupled
technique that exploits systems with time scale separation to estimate selected in vivo
kinetic parameters. The essence of the technique can best be explained by a simple
example. Consider a three component system whose linearized solution, as given by
Equation (2.11), is

S; = a exp(iit) + 0  + B exp(dit)
S, = 0 + yexp(dit) + 6 exp(Ast) (2.12)

S; : irrelevant

where a, f3, ¥, and d are constants produced from the linearization and the initial
conditions. If S, and S, were plotted on a phase diagram, the general solution would
produce a nonlinear curve that exponentially approached the origin with increasing
time (assume that all three eigenvalues have negative real parts). However, if there
was significant time scale separation in the system, such that 7,, 7, « 73, then the first
two modes could be relaxed and S, and S, could be expressed as S, = S,/0 for t >
7, and 7,. Therefore, from any initial conditions, the phase diagram of S, versus S,
would exhibit a fast transient decay to a straight line given of slope B/d, and then

would exponentially decay along this line to the origin. The straight line so formed
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is referred to as the characteristic reaction path (CRP), and is only exhibited by
systems with time scale separation. Since the terms in Equation (2.11), such as a, ,
¥, and d in the example, are derived from kinetic expressions of the model, the slope
of the CRP is an indirect measure of these parameters. Consequently, if one plots
intracellular metabolite concentrations parameterized by time on a phase diagram,
some information about the in vivo kinetics may be discerned from the slope and
position of the CRP, if it is observable. These techniques have been applied to study
the kinetics of phosphofructokinase in Yeast [Liao et al, 1988] and of pyruvate
kinase and phosphofructokinase in human red blood cells {Liao and Lightfoot, 1987].
Although this technique is promising, since it couples analysis with experiments, it is
still quite limited by observability and sensitivity problems.

Other approaches have focused directly on elucidating the dynamics of
metabolic feedback loops. Since these systems are inherently nonlinear, only
extremely simplified subsystems are examined in depth. The typical metabolic control
loop examined is a linear sequence of enzymatic reactions where the last metabolite
in the sequence is an inhibitor of the first enzyme, and the first metabolite in the
sequence, or its production rate, can be manipulated. Such systems closely resemble
those studied in the chemical, electronic, and aerospace fields which are employed
for systems control. Consequently, control theory has been extensively developed and
has recently been employed to study control in metabolic networks. The goal of this
type of analysis is to study how the metabolic control system reacts to changes in
operating conditions, such as concentration of the first metabolite, inhibition type,
enzyme amount, etc. For example, one teleologic view holds that the flux through
a pathway should approach the maximum supportable since this would most
efficiently utilize the enzyme resources. However, Majewski and Domach (1985)
have employed control theory to demonstrate that there is a tradeoff between
enzyme capacity utilization and flux controllability. Near enzyme capacity—maximum
flux—the response of the network becomes sluggish, while fast response time can only
be attained under low enzyme capacity. Majewski and Domach (1990b) have also
demonstrated that TCA cycle flux control by modulation of an enzyme’s apparent Ky

(K-type regulation) is superior to modulation of its Vy,x (V-type regulation) for
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enzymes with hyperbolic kinetics. It was further shown that different control
architectures affect pathway coordination and scavenging functions. Similar control
analysis techniques have been used to examine multiple steady states and acetate
production in E. coli [Majewski and Domach, 1990a,c]. Palsson and Lightfoot have
employed linear analysis and control theory to study the stability of simple networks
and to examine conditions when a macrokinetic model can be used in place of a
microkinetic description [Palsson and Lightfoot, 1985a,b; Palsson et al., 1985].

Although these techniques are rather elegant, their applicability to complete

metabolic networks remains questionable.

2.2.2 Metabolic Control and Biochemical Systems Theories

Approximately twenty years ago, two separate theoretical techniques were
independently developed to facilitate and standardize the analysis of metabolic
networks, which, as we have described above, are highly non-linear and difficult to
analyze without resorting to numerical techniques. Currently, these two techniques
are referred to as metabc lic control theory (MCT) and biochemical systems theory
(BST).

2.2.2.1 Metabolic Control Theory

Although the development of MCT is usually attributed to Kacser and Burns
(1973) and Heinrich and Rapoport (1974a,b), it is conceptually no different than that
originally presented by Higgins (1965). The primary impetus behind the development
of MCT was to quantify the strength by which each enzyme in a metabolic pathway
controls the overall flux through the pathway. Since this is accomplished via standard
sensitivity analysis, we will agree with Savageau et al. (1987a) that MCT is somewhat
of a misnomer. To systematically examine the effects of modulating an enzyme’s
concentration (E;) on the flux (J) and metabolite concentrations (S;) in a non-

branching pathway, such as

El E’l En
S, 28, 285,2---28, - (2.13)
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several sensitivity coefficients were defined, which have since been standardized
[Westerhoff et al, 1984], as reviewed below.

The elasticity coefficient for an isolated enzyme is a measure of how its activity
changes with re: pect to slight perturbations of a selected metabolite or parameter
(kinetic constant, inhibitor, etc.) at a particular point in concentration and parameter

space under otherwise constant conditions, and is defined by

(2.18)

In other words, the elasticity coefficient is the slope, with respect to S, (or some other
selected parameter), of the reaction velocity (v;) at a given point in concentration
space, which can be obtained from in vitro kinetic experiments or by differentiating
the rate law expression with respect to S,. It should be noted that the elasticity
coefficient is not constant but varies as a function of location in concentration and
parameter space.

The flux control coefficient expresses the sensitivity of the steady state pathway
flux to slight perturbations in the concentration of a selected enzyme and is defined

as

c-5bd (2.15)

As with the elasticity coefficients, the value of flux control coefficients of a pathway,
such as that of Equation (2.13), strongly depend on the operating point at which the
coefficients are evaluated. Since the flux control coefficients are pathway dependent
variables, they are not easily measurable; however, algebraic expressions can be
derived for linear pathways that allow one to calculate the flux control coefficients

from the elas:icity coefficients that, in theory, can be measured.
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Under steady state conditions, it can be shown [Kacser and Burns, 1973] for
the linear pathway of Equation (2.13) (where S, is held constant and S, is removed

at its synthesis rate) that

?: c =1 (2.16)

provided that v, is proportional to E;, which is often the case. Referred to as the
flux-control summation theorem, Equation (2.16) indicates that if a particular enzyme
in the pathway has a flux control coefficient close to unity, then it will have a
dominating or controlling effect on the pathway. Another algebraic expression which

can be derived for each metabolite (S) in the pathway (except S,) is given by

n-1 n

Zj Y Cies, =0 (2.17)

and is called the flux-control connectivity theorem. Between Equations (2.16) and
(2.17) there are n linear equations from which the flux control coefficient can be
determined if the elasticity coefficients are known. Recently, these relationships have
been described in matrix notation and extended to complex pathways [Fell and Sauro,
1985; Small and Fell, 1989; Cascante et al., 1989a,b] although the technique appears
somewhat cumbersome.

Metabolic control theory has received extensive discussion in the literature as
well as some criticism [Groen and Tager, 1988; Kacser and Porteous, 1987; Crabtree
and Newsholme, 1987, Welch et al, 1987]. Its usefulness, however, in clarifying
metabolic controls or as a metabolic engineering tool remains unclear at best. (We
will not even consider the obvious fact that one could construct a complete
macrokinetic model from the information required to apply MCT.) Based on the
flux-control summation theory and the observation that flux control coefficients of a
pathway are often of similar order, Kacser and Burns (1979) have proposed that

cellular metabolism can be characterized as a "Molecular Democracy" where control
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of a pathway flux is distributed in a relatively equal manner to all the enzymes in the
pathway. This has led to the philosophy that a rate limiting enzyme does not exist
in a pathway, which, however, is misleading since the flux control coefficients
represent flux sensitivity to the enzyme amount, not to feedback control architecture.
A simple thought experiment illustrates the point. Consider a simple linear pathway
in which the last metabolite in the network inhibits the first enzyme. Since the
pathway is regulated by negative feedback control, it is not expected that
amplification or attenuation of any enzyme in the pathway (including the first) will
lead to significant alterations in pathway flux. These results imply that all of the flux
control coefficients would be of similar order, which could lead one to the incorrect
conclusion that a rate limiting enzyme does not exist. However, if we perturb the
network architecture by releasing the feedback inhibition of the first enzyme, a
significant increase in flux throughput could be achieved. Indeed, enzyme
deregulation is the primary technique by which overproduction of primary metabolites
is attained (see Chapter 3). Since feedback loops are pervasive in metabolic
networks, flux control coefficients are not very enlightening and can be misleading.
In our opinion, the philosophy of molecular democracy is inappropriate.
Furthermore, due to the highly nonlinear nature of metabolic networks (which is
extensively utilized to achieve cellular control) flux control coefficients for a pathway
can vary radically between different operating points of the system, which was
demonstrated even when the technique was first developed [Kacser and Burns, 1973].
Consequently, it is unlikely that the application of MCT to one or two operating
points would reveal the ultrasensitivity that can arise at a branch-point [LaPorte et
al,, 1984] or the branch-point control that we have observed (see Chapter 6). To
capture such nonlinear phenomena, one must calculate flux control coefficients or
related sensitivity coefficients at many different operating points; however, this is an
arduous task and one would be better off utilizing numerical sensitivity techniques.

It is not surprising the MCT falls short of its intended task since it is merely
a sensitivity analysis routine, which is applied to a highly nonlinear system. Its
popularity in the literature can probably be attributed to two points: 1) a quantitative

analysis routine for metabolic networks does not exist, yet there is always a desire to
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attain one; and 2) the technique allows the user to publish "milestones" in the form
of flux control coefficients that are viewed as worthwhile by the proponents of
MCT+.

2.2.2.2 Biochemical Systems Theory

Biochemical systems theory (BST), developed by Savageau (1969a,b,1970), is
a technique to reduce the complexity of macrokinetic metabolic models, so that they
are amenable to analytical techniques. As passionately discussed by Savageau et al.
(1987a,b), many of the techniques developed in MCT can be readily derived from
BST; therefore, they claim th» MCT is merely a special case of BST, a point that is
still debated [Cornish-Bowden, 1989].

The foundation of BST resides in the representation of complex rate
equations, such as Equation (2.5), by power law expressions. It is based on the
assertion [Savageau, 1969b, 1987a] that enzyme kinetics can be approximated over
a wide range by a straight line if plotted on a log-log plot. When the fitted line (at
a particular operating point) is translated back into Cartesian coordinates, the

following power law expression emerges

v(Sy-.S,) = o[ Sy (2.18)

i=

where a; depends on the operating point (So) and g; are obtained by the partial
derivatives of the rate expression with respect to S; evaluated at the operating point.
In other words, the power law expression represents the linear approximation, in the
log-log domain, of the kinetic expression at some fixed point. For example, the well

known Michaelis-Menten rate law can be expressed as

v = aSt (2.19)

T Anyone who has examined a paper on numerical sensitivity methods can attest
that a short table of numbers (i.e., control coefficients) is more appealing than
cause and effects relationships interpreted from a plethora of simulations,
even though the later is often more enlightening.



42

where
- KM - MSO -8 220
g-K_S'M+0anda_K__S_M+OS° (2.20)

Dynamic mass balances are still used to represent the metabolic network, as given
by

ds, = D e
5 - ¢ Sk - S¥ for i =1,.,n (221)

where the first and second power product terms represent reactions prcducing and
consuming S;, respectively. The main advantage of the power law approximation is
that it preserves some of the inherent nonlinecr nature of enzyme kinetics [Savageau,
1970], while standardizing the format of kinetic expressions in a form that is more
amenable to general theories of analysis. For instance, Savageau (1969b) shows that
an analytical expression for the steady state solution of Equation (2.21) can te easily
obtained and the existence of multiple steady states can be readily predicted.
Although BST is based on a foundation (the power law representation) that
has potential for expansion [see Sorribas and Savageau (1989a,b) and references
therein for latest developments], the techniques are still at their infancy with respect
to those developed for linear analysis discussed in the preceding section.
Furthermore, neither linear nor nonlinear analysis techniques can be easy applied to
complete metabolic networks, and it is questionable if subnetworks can be realistically
analyzed in isolation from the complete network. With the wide range of operating
conditions and the chaotic behavior a metabolic network can achieve, it is uncertain
if any technique that relies on expansion around a single operating point will ever

render more insight into metabolic controls than standard numerical analysis.

2.3 Measurement Based Techniques

" There are basically three different measurement techniques that can be used
to estimate flux distributions in metabolic pathways: 1) tracer based techniques in

which elements of a substrate are labeled with a stable or radioactive isotope; 2)
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nuclear magnetic resonance (NMR) techniques in which magnetized nuclei serve as
the label; and 3) metabolite balance techniques in which the consumption and
accumulation rates of substrates and products are used to estimate the metabolic flux
distributions. -Metabolite balances and tracers are indirect techniques in the sense
that a flux supported by a particular enzyme is not actually measured. Although
NMR magnetization transfer and isotope exchange techniques directly measure a
unidirectional reaction rate, they have not been used to estimate pathway fluxes, and
have only been applied to a few enzymes. Each of these techniques are reviewed
below. The mass balance technique is further developed in Chapter 4 and is used
to study flux distributions in Corynebacterium glutamicum during lysine production,

as presented in Chapter 6.

2.3.1 Tracer Based Techniques

Radioisotope traces have been extensively used in metabolic studies and were
originally employed to elucidate pathway structure as opposed to pathway flux.
However, once a metabolic pathway has been constructed and verified (by no means
a trivial task), radioisotope tracers can be used to estimate the cxtent by which the
various metabolic pathways are involved in ti. assimilation of the substrate(s).
Although the methodology to accomplish this is fairly straight forward, it can be quite
taxing, experimentally.

The general technique is as follows. The organism is incubated with a
radioactive substrate, such as glucose, which has been specifically labeled at a
designated carbon position with C. After enough time has elapsed, the experiment
is terrninated and the incorporation of radioactivity into products, such as CO,,
biomass, excreted amino or organic acids, etc., is measured. If necessary, the amount
of radioactivity incorporated into various carbon positions of the product can also be
measured, but this increases dramatically the experimental effort. These experiments
can then be repeated with the same substrate, but labeled at a different position, or
with a different substrate. This experimental data by itself, however, does not define
thc metabolic flux distributions, which is why we refer to this approach as an indirect

measurement technique. To obtain the flux distributions, one must utilize the
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knowledge of the biochemical pathways along with information on how the carbon
label is passed from one metabolite to the next to construct a set of algebraic
equations that relate the metabolic fluxes to the product radioactivity. A complete
and thorough description of the construction of flux distribution maps from
radioisotope tracers has be published by Blum and Stein (1982). Blum et al. have
also generated the most comprehensive metabolic flux distribution maps yet
published, where Tetrahymena pyriformis [Connett and Blum, 1971; Stein and Blum,
1979] and hepatocytes [Crawford and Blum, 1983] served as the experimental
systems. Their latest model has accounted for compartmentalization in the
mitochondria and the peroxisomes. Although they have been able to construct quite
detailed flux distribution maps from radioactivity measurements from only a few
products, this required approximate 20 different “C-label combinations of 9 different
substrates—not a simple task. Although radioisotope tracers have been extensively
used to study flux partitioning between the pentose phosphate pathway and glycolysis,
except for Blum et al, radioisotope tracers have not been utilized to construct
complete metabolic flux distribution maps, which may indicate that the effort required
is not justified by the returns. Furthermore, the inherent safety issues associated with
radioactive compounds dften precludes their use in a controlled culture environment,
such as a fermentor. As for glutamic acid bacteria, radioisotope tracers have not
been extensively used except for early studies [Shiio et al, 1960a,b; Shiio and
Tsunoda, 1961a,b; Oishi and Aida, 1965; Otsuka et al, 1965a].

The same approach discussed above for probing metabolic networks can also
be accomplished with stable isotope labels, such as *C. Instead of measuring the
radioactivity of the product, however, an NMR spectrum of the culture medium is
used to determine the extent to which the label has been distributed among the
products (this method should not be confused with in vivo NMR studies discussed
below). Unlike radioactivity measurements, the intensity of the label at each carbon
position of a metabolite can often be determined from the NMR spectrum, which
dramatically increases the amount of information that can be extracted from the
tracer study. As a result, fairly complete flux distribution maps can often be

constructed from relatively few experiments. The only real disadvantage to the NMR
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based technique is the high cost of the labeled substrates and the low sensitivity
(compared to radioactivity) of NMR, which is compounded by the high background
level of 1*C, approximately 1%. However, other stable labels, such as 'H, N, and
3P, can also be employed. Recently, stable isotope tracers and NMR have been used
to examine metabolic flux distributions in glutamic acid bacteria [Yamaguchi et al,
1986; Inbar and Lapidot, 1987; Walker et al., 1982; Inbar et al., 1985; Ishino et al,
1986; Walker and London, 1987]. The results, however, in several of these papers
are corrupted by one or more of the general errors discussed below.

Anaplerotic reactions, such as phosphoenolpyruvate (PEP) carboxylase, can
fix substantial amounts of CO, (see Chapter 6), especially if large amounts of TCA-
related metabolites are secreted to the culture medium. The degree to which CO,
(or HCO3) is labeled in the micro-environment around the cell is uncertain; however,
it is likely to be significant. Consequently, flux estimates will be corrupted if label
fixing by CO, assimilating reactions is not accounted for. This problem is

compounded by exchange reactions, such as

OAA — Pyr + CO,
PEP + CO, = OAA + P,

since label enrichment in CO, released by oxaloacetate (OAA) can be different than
that assimilated by PEP carboxylase.

To support growth and product synthesis, metabolites are continuously drained
from the primary metabolism, often at a high enough rate to dramatically affect flux
and label distributions (see Chapter 6). Many investigators, however, do not account
for the synthesis of by-products or biomass, and they implicitly assume that only
complete substrate oxidation (or substrate oxidation coupled with the synthesis of the
product of interest) occurs. As a result of these mass balance discrepancies and the
unaccounted for CO, assimilation discussed above, flux estimates generated from
repeated label experiments, such as using [1-1*C] versus [6-1“C] glucose, often show
poor agreement. In an attempt to correct these errors, some investigators resort to

assuming that some metabolic cycles, such as the TCA cycle or the glyoxylate shunt,
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can be operated in a "single turn" or in "multiple turns". These unrealistic
assumptions increase the number of degrees of freedom, so that a good fit to the
tracer data can te artificially obtained. In our opinion, such assumptions would not
have to be invoked if mass balances were properly closed, as discussed by Blum and
Stein (1982) and also in Chapter 4.

Although tracer techniques are quite powerful tools for flux estimation, it
should be emphasized that they are indirect measurements of flux distributions and
will produce erroneous results if incorrect or incomplete metabolic pathways are
used. Furthermore, there are no significant differences between flux estimation based
on tracer methods or that based on metabolite balances discussed below. As for
direct flux measurements, in vivo NMR techniques hold some promise, as discussed

below.

23.2 NMR Techniques
Although it is beyond the scope of this review to discuss in vivo NMR

applications in general [see review by Fernandez and Clark, (1987) and references
therein], two in vivo NMR techniques, magnetization transfer and isotope exchange
[Alger and Shulman, 1984; Brindle and Campbell, 1987], deserve some comment
since they can be potentially employed for direct flux estimation. These techniques
are both based on the same principle. Consider a reaction involving two species,
such as A @ B, that are in equilibrium. If at t = 0 species A is labeled with a marker
that is distinguishable when transferred to B, then one can measure the rate of the
forward reaction as the label in the two pools approaches equilibrium. The
difference between the two techniques resides in the label used. For magnetization
transfer technique, the NMR device is used to impart a net magnetization of specific
nuclei associated with the substrate or product of the enzyme under study. The decay
of the induced magnetization can then be followed with NMR spectroscopy, and the
rate of label decay can be used to estimate a unidirectional reaction rate. In the
isotope exchange technique, a labeled substrate is added to the culture and its rate

of incorporation into a particular metabolite pool is monitored.
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These techniques cannot be easily applied to reactions at branch-points and
are limited to substrates or products that are observable via NMR. As a result, only
a few enzymes have been studied using these techniques [Brindle and Campbell,
1987], and the emphasis has been on measuring unidirectional enzyme kinetics as
opposed to net flux. Another fundamental problem associated with in vivo NMR
techniques is the control of a proper culture environment within the confines of the
instrument [Fernandez and Clark, 1987]. Faced with these problems, in vivo NMR
techniques are currently not considered viable methods for the measurement of
metabolic fluxes; however, this field is rapidly advancing and it is conceivable that

many of these obstacles will be overcome.

2.3.3 Metabolite Balance Techniques

Since this technique is fully developed in Chapter 4, only the basis of its
foundation is reviewed here. The use of mass balance constraints on the growth of
a microorganism became popular in estimation and control after it was observed that
the elemental composition of the biomass remains relatively constant during growth
[Minkevich and Eroshin, 1973]. This permits one to construct a general equation of

stoichiometric growth, such as

aC¢H,;04 + bO, + cNH; = dC,H,O,N, + eH,0 + fCO, + gCHON, (2.22)

Glucose Biomass Product

In this equation the only unknowns are the seven (a-g) stoichiometric coefficients.
There are not seven degrees of freedom, however, since four elemental balance
equations can be constructed around carbon, hydrogen, nitrogen, and oxygen.
Consequently, if production or consumption rates of three compounds, such as
glucose, O,, and CO,, are measured, then the production or consumption rates of
the remaining four compounds can be estimated. The classic example of such
stoichiometric based control is that for the production of Yeast [Cooney et al., 1977,
Wang et al, 1977], where it was demonstrated that controlling the respiratory

quotient (f/b) at 1.04 would minimize ethanol synthesis and thereby maximize biomass
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production. Stoichiometrically based estimation techniques have since been improved
by incorporating the use of a Kalman filter algorithm [San and Stephanopoulos,
1984a,b; Stephanopoulos and San, 1984; Grosz and Stephanopoulos, 1984; Vallino
and Stephanopoulos, 1987]. Wang and Stephanopoulos (1983) demonstrated that the
elemental balance constraints can be used to identify gross measurement errors if
there are more measurements than required to close the system.

Around the same period it was also demonstrated that the elemental balance
constraints could be used to estimate flux distributions in the TCA cycle during citric
acid production by Aspergillus niger and Candida lipolytica [Verhoff and Spradlin,
1976; Aiba and Matsuoka, 1979]. It was also demonstrated that flux estimates based
on different pathway architectures could be used to discriminate between proposed
pathways. These same techniques were also employed to estimate flux distributions
and organic acid and alcohol production in Clostridium acetobutylicum [Papoutsakis,
1984; Papoutsakis and Meyer, 1985; Reardon et al, 1987]. A similar technique
(based on a metabolite balance) was used to estimate flux distributions in a crude
metabolic pathway of Brevibacterium flavum during lysine production [Simon, 1984].
In all these applications, the mass or metabolite balance technique was applied in a
rather ad hoc manner, and none of the cases utilized a complete metabolic pathway.
To fill this void and to examine whether flux distributions in a complete metabolic
network can be observed from the accumulation rates of extracellular metabolite
alone, we have developed a systematic method for the mathematical representation
and analysis of metabolic networks from standard enzymatic reactions [Vallino and
Stephanopoulos, 1987, 1989], which is also presented in Chapter 4 and used to
examine lysine production by Corynebacterium glutamicum (Chapter 6).
Approximately the same methodology has also been developed independently by
others [Tsai and Lee, 1988; Niranjan and San, 1989], but they have not applied it to
a complete metabolic network nor have they examined its experimental implications.

It should be reemphasized that flux estimates based on metabolite balances
are n< less accurate or prone to error that those based on radio or stable isotope
tracers. Since accumulation rates of extracellular metabolites are readily measured

under normal fermentations conditions, metabolite balance techniques are the
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method of first choice. If flux distributions cannot be completely observed from
metabolite accumulation rates only (due to singularities, see Chapter 4), then tracers
can be used as supplemental measurements. In any case, flux estimation based on
tracer methods can always be improved by utilizing mass balance constraints as well.
It is also important to realize that the metabolite balance techniques can also be used
in conjunction with kinetic based models reviewed in Section 2.1. Since both models
utilize the exact same biochemistry, the steady state flux distributions obtained from
the kinetic simulations must match that obtained experimentally from the metabolite
based model. If the two flux distributions disagree, then the kinetic model can be
fine-tuned to match the experimental results (which is seldom done however).

Chapter 6 provides for an example of such kinetic model tuning.



Chapter 3
Lysine Biosynthesis Review

Lysine is found in limiting amounts in most animal feed grains, such as corn,
rice, and wheat; consequently, the nutritional value of these grains can be greatly
improved if they are supplemented with lysine. Although several methods exist for
the industrial production of lysine [Nakayama, 1972}, it is predominately produced
by microbial fermentation from inexpensive carbon sources, such as cane molasses
[Minoda, 1986]. Since the microbial production of lysine (as well as most amino
acids) has been extensively reviewed [Kinoshita, 1985; Nakayama, 1982; Kinoshita
and Nakayama, 1978; Nakayama, 1972; Kikuchi and Nakao, 1986; Enie et al., 1982,
Hirose and Okada, 1979; Hirose et al, 1978], this chapter will only review those
aspects of lysine biosynthesis that are required in subsequent chapters, namely: 1) the
glutamic acid bacteria; 2) their biochemistry; 3) techniques for strain improvement;

and 4) the lysine fermentation.

3.1 Glutamic Acid Bacteria

Since the original publications on the microbial production of glutamate and
lysine by Micrococcus glutamicus [Kinoshita et al., 1957a; Kinoshita et al., 1958a] and
its characterization [Kinoshita et al, 1958b] (later reclassified to Corynebacterium
glutamicum [Kinoshita, 1962]), numerous organisms have been identified or isolated
that can excrete glutamate or lysine [Abe and Takayama, 1972]. As a group, these
bacteria are referred to as the glutamic acid bacteria and have been classified in
many groups, a partial list of which is displayed in Table 3.1. Althcugh this group

appears to span several different genera, this has been found to be unwarranted

50
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[Kinoshita, 1985; Abe et al. 1967], and the majority of the glutamic acid bacteria can

be classified under the genus Corynebacterium sensu stricto [Minnikin et al., 1978].
Specific studies have demonstrated that Brevibacterium flavuin 22 and ATCC 14067,
and C glutamicum ATCC 13032 should all be classified as C. glutamicum
[Kvashnikov et al., 1984; Otsuka et al, 1965a,b]. These taxonomic similarities among
the glutamic acid bacteria is quite important since research groups typically study one
specific strain. Consequently, the information published on one particular strain can
be assumed (if no other data is available) to be true for all the glutamic acid bacteria.
In particular, we will be working solely with C. glutamicum ATCC 21253 but will rely
heavily on literature from B. flavum and B. lactofermentum since all three species
exhibit nearly 100% DNA homology [Suzuki et al, 1981; Kinoshita, 1985].

Table 3.1 Partial list of glutamic acid bacteria, from Abe and
Takayama (1972).

Genus Species

Corynebacterium glutamicum callunae
lilium herculis

Brevibacterium flavum divaricatum
lactofermentum  ammoniagenes
thiogenitalis

Microbacterium ammomaphilum  flavum
salicinovolum

Arthrobacter globiformis aminofaciens

Glutamic acid bacteria are gram-positive, non-sporulating, non-motile, short
rods or cocci, require biotin for growth, and all have a propensity to excrete
glutamate under a biotin limitation. Most strains can utilize acetate or ethanol as a
primary carbon source and a few species can catabolize hydrocarbons (but are
probably of the genus Nocardia [Kinoshita, 1985]). Most stains will grow between pH
6 and 9 and optimally between pH 7 to 8. Their optimum temperature for growth
is between 25 to 37 °C and are typically cultured at 30°C [Abe and Takayama, 1972].
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For a complete review of these organisms, the reader is referred to any of the eight

reviews listed at the beginning of this chapter.

3.2 Biochemistry

The biochemistry reviewed in this section covers the primary metabolism of
C. glutamicum necessary to support lysine and biomass synthesis from glucose. Also
discussed, with reference to Chapter 5, are the pathways that have been elucidated
in this study. Since the details of certain pathways have not been confirmed in C
glutamicum, we will rely on literature data from B. flavum and other glutamic acid
bacteria to supplement the biochemistry where needed. A condensed form of the
biochemical reactions, discussed in Chupter 4, is listed as the preliminary biochemistry
set (PBS) in Appendix B.

3.2.1 Primary Pathways

These pathways form the primary metabolism of C. glutamicum and are quite
similar to those documented for Escherichia coli, Yeast, etc, that can be found in
standard biochemistry texts [Mandelstam et al, 1982; Gottschalk, 1986; Lehninger,
1975].

3.2.1.1 Embden-Meyerhof-Parnas Pathway

The Embden-Meyerhof-Parnas (EMP) pathway (or glycolysis) catalyzes the
conversion of glucose-6-phosphate (GIc6P) to pyruvate (Pyr), as illustrated in Table
3.2. All enzymes of the EMP pathway have been detected in B. flavum [Shiio et al.,
1959a, 1961b], and have been indirectly verified in C. glutamicum [Otsuka et al,
1965a; Kinoshita, 1962]. In general, most of the enzymes of the EMP pathway have
not been characterized; however, an early study on pyruvate kinase in B. flavum
[Ozaki and Shiio, 1969] reveals that it is an allosteric enzyme which is activated by
AMP and inhibited by ATP. Recently, 6-phosphofructokinase was isolated and
characterized in B. flavum [Sugimoto and Shiio, 1989), where it was found that the
enzyme exhibits normal Michaelis-Menten kinetics and is inhibited by ADP only.
Glucose-6-phosphate isomerase was also recently purified and characterized in B.

flavum [Sugimoto and Shiio, 1989b], and was found to exhibit normal hyperbolic
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kinetics and is strongly inhibited by E4P. There is also some evidence that the
enzymes of EMP pathway are expressed constitutively [Ruklish et al.,, 1978]. The
EMP pathway is represented by Reactions (3-7:PBS)f.

Table 3.2 Reactions of the Embden-Meyerhof-Parnas pathway.

GIc6P isomerase Glc6P 2 Fru6P
Phosphofructokinase Fru6P + ATP — Frulé6dP + ADP
Frul6dP aldolase Frul6dP & DHAP + GAP
Triose phosphate isomerase =~ DHAP 2 GAP
GAP dehydrogenase GAP + NAD + P; @ PGP + NADH
PGP kinase PGP + ADP 2 G3P + ATP
Phosphoglycerate mutase G3P 2 2PG
Enolase 2PG 2 PEP + H20
Pyruvate kinase PEP + ADP — Pyr + ATP

3.2.1.2 Tricarboxylic Acid Cycle

The tricarboxylic acid (TCA) cycle is primarily responsible for the generation
of NADH through the oxidation of acetyl coenzyme A (AcCoA), as well as the
synthesis of precursor metabolites, such as oxaloacetate (OAA) and a-ketoglutarate
(aKG), provided an anaplerotic reaction is active (see Section 3.2.2 below). The
EMP pathway is coupled to the TCA cycle via the pyruvate dehydrogenase complex
(PDC). The PDC and TCA reactions are summarized in Table 3.3.

The PDC has been detected in B. flavum [Shiio and Ujigawa, 1978] and B.
lactofermentum [Tosaka et al, 1985], and its presence is implied in C. glutamicum
[Kinoshita, 1962]. However, the kinetics of the enzyme have not been established,
and only the apparent Michaelis constant for the three PDC substrates has been
determined [Shiio et al, 1984b].

Initial reports on B. flavum [Shiio et al., 1959a] and C. glutamicum [Kinoshita
et al., 1957a; Kinoshita, 1962; Otsuka et al, 1965b] indicate that all enzymes of the
TCA cycle are present, except for a-ketoglutarate dehydrogenase (eKGDH) and
succinate thiokinase (P-enzyme) [Shiio et al, 1961d; 1962c]. As a result of these

t The nomenclature (3-7:PBS) refers to Reactions (3) to (7) in the biochemistry
set PBS listed in Appendix B.
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Table 3.3 Coupling reaction (PDC) and the reactions of the TCA cycle.

Pyr dehydrogenase Pyr + NAD + CoA — AcCoA + NADH + CO2
complex

Citrate synthase AcCoA + OAA + H20 — Cit + CoA

Aconitase Cit & IsoCit

IsoCit dehydrogenase IsoCit + NADP — aKG + CO2 + NADPH
aKG dehydrogenase aKG + NAD + CoA — SucCoA + CO2 + NADH

complex
Succinate thiokinase SucCoA + P, + ADP 2 Suc + ATP + CoA
Succinate Suc + FAD 2 Fum + FADH
dehydrogenase
Fumarate hydratase Fum + H20 & Mal

Malate dehydrogenase Mal + NAD « OAA + NADH

preliminary findings, a modified TCA cycle (also called the DCA cycle) was proposed
[Shiio et al, 1960b; 1961c; Shiio and Tsunoda, 1961b] for the oxidation of AcCoA,
as illustrated in Figure 3.1. In this modified pathway, the glyoxylate shunt and
oxaloacetate decarboxylase (OAADC) (see below) effectively by-pass aKGDH and
succinate thiokinase, so that CO, is produced by PDC and OAADC instead of
isocitrate dehydrogenase (ICDH) and aKGDH, which is demonstrated in Chapter 4.
Recently, however, @KGDH has been detected in B. flavum [Shiio and Ujigawa-
Takeda, 1980]. Furthermore, the induction of the glyoxylate shunt by glucose does
not occur in C. glutamicum, and its induction in B. flavum remains ambiguous (see
Section 3.2.2 below). Therefore, current evidence supports the normal operation of
the TCA cycle without the aid of the glyoxylate shunt in C. glutamicum. Operation
of the DCA cycle in B. flavum also appears unlikely since mutants that lack @KGDH
do not grow on glutamate [Shiio et al, 1982b]; however, some uncertainty remains
regarding the extent of TCA cycle operation in B. flavum. It is important to realize
that denunciation of the DCA cycle in giutamic acid bacteria has not occurred. As
a result, articles on glutamic acid bacteria are still published that illustrate the DCA
cycle as the dominate or the only oxidation pathway. The difference between the
TCA and DCA cycle model is not inconsequential since the two models produce
dramatically different flux distribution estimates, as demonstrated in Chapter 4.
Several enzymes of the TCA cycle have also been characterized in B. flavum.

Citrate synthase exhibits normal Michaelis-Menten kinetics and is inhibited by cis-
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Figure 3.1 Pathways and reactions of the dicarboxylic acid (DCA) cycle originally
proposed for glutamic acid bacteria. Reactions are: (1) pyruvate dehydrogenase
complex (PDC); (2) citrate synthase; (3) isocitrate lyase; (4) malate synthase; (5)
succinate dehydrogenase plus fumarate hydratase; (6) malate dehydrogenase; and (7)
oxaloacetate decarboxylase (OAADC). For each pyruvate that is completely oxidized
by the DCA cycle, two CO, molecules are produced by PDC and one by OAADC.

aconitate, isocitrate, and weakly by ATP [Shiio et al, 1977)], and is repressed by
glutamate [Shiio and Ujigawa, 1978]. Isocitrate dehydrogenase is specific for NADP
and is synergistically inhibited by glyoxylate plus oxaloacetate and exhibits standard
hyperbolic kinetics [Shiio and Ozaki, 1968; Ozaki and Shiio, 1968]. a-Ketoglutarate
dehydrogenase is significantly inhibited by several metabolites of the primary
metabolism, exhibits normal hyperbolic kinetics, and appears to be quite labile. The
enzyme appears inducibie by glutamate and repressed by citrate, and its in vitro
activity drops considerably during the stationary phase [Shiio and Ujigawa-Takeda,
1980; Shiio et al, 1982c]. Ruklish et al. (1978) have demonstrated that succinate
dehydrogenase is membrane associated, and ICDH is inducible at the transcription

level by glucose, but malate dehydrogenase is expressed constitutively. They have
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also documented that ICDH activity decreases and glycolytic activity increases as
respiration is reduced [Ruklisha et al, 1981]). Since the original work, no other
studies have been published on succinate thiokinase. Activity of TCA cycle enzymes
have also been demonstrated in other Coryneform bacteria [Baryshnikova et al., 1979,
Krulwich and Pelliccione, 1979]. The TCA cycle is represented by Reactions (13-19)
in the PBS.
3.2.1.3 Pentose Phosphate Pathway

The pentose phosphate pathway (PPP) produces NADPH for biosynthesis (the
oxidative branch) and metabolites for nucleic acid synthesis. The pathway can
operate in a completely cyclic or linear (i.e., one pass) manner. The rcactions of this
pathway are illustrated in Table 3.4. Initial evidence for the existence of the PPP
came from radio isotope tracer studies on B. flavum [Shiio et al, 1960a], C.
glutamicum [Otsuka et al.,, 1965a) and B. ammoniagenes [Oishi and Aida, 1965], and
the detection of an NADP specific Glc6P dehydrogenase [Shiio et al., 1959a). Recent
studies on C. glutamicum with *C tracers and NMR also support the existence of the
PPP [Ishino et al, 1986; Yamaguchi et al, 1986]. Both GIlc6P and Glcn6P
dehydrogenases (G6PDH, GN6PDH) have been isolated and characterized in B.
flavum [Sugimoto and Shiio 1987a,b]. Both enzymes are NADP specific, inhibited by
NADPH, and exhibit hyperbolic kinetics. G6PDH is inducible by glucose, while
GN6PDH is induced by gluconate. Although both enzymes are inhibited by severai
metabolites, OAA and Frul6dP elicit the strongest inhibition of G6PDH and
GNG6PDH, respectively. The transketolase (TK) and transaldolase (TA) have been
detected in B. flavum, and the TK has been isolated and characterized [Sugimoto and
Shiio, 1989b]. The TK exhibits normal hyperbolic kinetics and a specific inhibitor has
yet to be identified. The TK also appears inducible by acetate, fructose and citrate.
Sugimoto and Shiio have also detected some activity of Sed7P kinase and
sedoheptulose 1,7-bisphosphate aldolase, but these reactions have not been included
in the biochemistry set. To our knowledge, the remaining enzymes of the PPP have
not been assayed for although their existence is implied by the tracer studies. Several

PPP enzymes have also been detected on other Coryneform bacteria [Baryshnikova
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et al., 1979; Krulwich and Pelliccione, 1979]. The PPP is represented by Reactions
(27-32:PBS).

Table 3.4 Enzymatic reactions of the pentose phosphate pathway.

GIc6P dehydrogenase Glc6P + NADP & NADPH + 6PGL
6-Phosphogluconolactonase 6PGL + H20 — Glcn6P
Glen6P dehydrogenase Glen6P + NADP 2 RibuSP + NADPH + CO2
RibSP isomerase RibuSP & Rib5SP
RibuSP 3-epimerase RibuSP & Xyl5P
Transketolase XyISP + RibSP & Sed7P + GAP
Transaldolase Sed7P + GAP 2 Fru6P + E4P
Transketolase XylSP + E4P 2 Fru6P + GAP
3.2.2 Anaplerotic Pathways

Anaplerotic reactions are required for the sustained operation of the TCA
cycle since metabolites cannot be removed from the cycle without replenishment, as
thoroughly reviewed by Kornberg (1966). Four anaplerotic reactions have been
detectec in glutamic acid bacteria, which are listed in Table 3.5 and represented by
Reactions (9,10,12,21,21:PBS). Although some evidence exists that PEP
carboxykinase (EC 4.1.1.32) and PEP carboxytransphosphorylase (EC 4.1.1.38) are
present in B. ammoniagenes [Baryshnikova and Loginova, 1979], the findings are not
well supported; therefore, these two enzymes will not be considered. Even without
their consideration, the degree of activity or expression of the enzymes listed in Table

3.5 appear to vary from species to species, as explzined below.

Table 3.5 Anaplerotic reactions detected in glutamic acid bacteria.

PEP carboxylase PEP + CO2 = OAA + P,
Pyruvate carboxylase  Pyr + CO2 + ATP & OAA + ADP + P,
Malic enzyme Mal + NADP 2 Pyr + NADPH + CO2
Glyoxylate shunt:

IsoCit lyase IsoCit & Suc + Glyox

Malate sgthasc Glzox + AcCoA + H20 — Mal + CoA
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3.2.2.1 Phosphoenolpyruvate Carboxylase
PEP carboxylase (PPC) (EC 4.1.1.31) has been detected at high activity in C.
glutamicum [O’Regan et al, 1989), B. flavum [Shiio et al, 1960b], and B.
lactofermentum [Tosaka et al., 1979c]. Our own experiments have also detected high
activity of PPC in C glutamicum ATCC 21253 (Section 5.3). However, PPC is
lacking in Arthrobacter globiformis [Gurr and Jones, 1977]. The kinetics of the PPC
enzyme in B. flavum have been extensively studied [Ozaki and Shiio, 1969; Shiio and
Ujigawa, 1979, Mori and Shiio, 19¢5a, b, 1986], and the gene has been cloned and
sequenced in C. glutamicum [Eikmanns et al, 1989; O’Regan et al., 1989] and cloned
in B. lactofermentum [Sano et al, 1987]. PPC is an allosteric enzyme which is
strongly activated by AcCoA and Frul6dP and inhibited by aspartate and aKG. In
B. flavum, activity of PPC has been shown to be correlated with the activity of ICDH
and lysine production [Ruklish et al., 1982] and is repressed by either glutamate or
aspartate [Shiio and Ujigawa, 1978].
3.2.2.2 Pyruvate Carboxylase
Pyruvate carboxylase (PC) (EC 6.4.1.1) catalyzes a reaction similar to PPC, but
utilizes Pyr as a substrate and requires ATP and biotin as cofactors. PC has not been
detected in B. flavum [Ozaki and Shiio, 1969], nor have we detected appreciable
levels of it in C. glutamicum (Section 5.3). However, PC has been detected in A.
giobiformis [Gurr and Jones, 1977] and B. lactofermentum (aiong with PPC) [Tosaka
et al.,, 1979c]. PC in A. globiformis has characteristics similar to PPC in B. flavum,
while PC in B. Jactofermentum is not inhibited or activated by aspartate or AcCoA,
respectively. It is possible that PC in B. Jactofermentum is under transcription or
translation control while PPC is under metabolite control although this has not been
conclusively demonstrated. Nevertheless, there appears to be significant differences
in carboxylation reactions employed by the various species of glutamic acid bacteria;
such variability in carboxylation reactions, however, is not unprecedented
[Baryshnikova and Loginova, 1979; Scrutton, 1978].
3.2.2.3 Malic Enzyme
The malic enzyme (ME) (EC 1.1.1.40) catalyzes the carboxylation reaction
between pyruvate and malate. Original studies on B. flavum [Shiio et al.,, 1959a,



