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Abstract

Most cybernetic modeling efforts to date have taken a minimalist viewpoint of metabolism, relying heavily upon process lumping
and pathway abstraction to simplify the underlying reaction network. However, such models are unsuitable for metabolic engineering
applications because they do not incorporate the level of biological detail that is needed to predict the effects of genetic perturbation. In
this paper, we inquire into the formulation and analysis of structured cybernetic models as tools for metabolic engineering. We present
fresh theoretical developments leading to a more systematic treatment of global cybernetic variables based on conservation of metabolic
resources. Finally, we illustrate these concepts with a cybernetic model-based analysis of anaerobicEscherichia colimetabolism. The
model is able to accurately describe the growth of wild-type and acetate knockout strains when fitted to experimental data. Although it
adequately predicts the end-of-batch concentrations for a strain with intermediatepta-ackAactivity, it overestimates the measured growth
and glucose uptake rates.
� 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Chemical reaction engineers have a unique role to play in
the emerging field of systems biology. The same toolset that
has been developed for modeling complex reaction networks
inside catalysts and chemical reactors is directly transfer-
able to biological systems. By formulating and solving the
governing balance equations, we can simulate the dynamic
behavior of living cells in much the same way as engineers
have traditionally studied industrial chemical processes. In-
stead of using these models to design a reactor, however,
the field of metabolic engineering seeks to design novel or-
ganisms for specific commercial or research applications
(Bailey, 1991). In most cases, implementation of a partic-
ular metabolic engineering design involves steps to alter
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the native enzyme levels inside a host organism or to con-
fer the ability to produce foreign enzymes that catalyze
alternate reactions. Such manipulations are enabled by mod-
ern recombinant DNA techniques for inserting, deleting, and
controlling the expression of targeted genes.
One major difficulty arises in our attempts to understand

and model biological systems that does not fit with our pre-
vious analogy to industrial processes, which is the issue of
self-regulation. Unlike chemical reactors where we are able
to fully prescribe the catalyst levels and other controlled
variables, living organisms maintain survival by constantly
adjusting enzyme levels and activities in response to their
environments. Furthermore, since metabolic engineering
objectives are oftentimes at odds with the built-in nutri-
tional objectives of the cell, engineered organisms typically
enact regulatory actions that mitigate the imposed changes.
The ability to reliably model these regulatory features is
prerequisite to the development of computational tools that
can guide metabolic engineering design. Cybernetic models
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offer great promise in this regard because they provide a sys-
tematic approach for describing metabolic regulation, even
when the underlying mechanisms are poorly understood.
Unlike Flux balance analysis (FBA), which relies on

pseudo-steady-state approximations and linear program-
ming to describe metabolic fluxes (Reed and Palsson, 2003),
cybernetic models are fully dynamic. Therefore, the govern-
ing balance equations are expressed as a system of ordinary
differential equations, which can be integrated to give the
time course of metabolite concentrations, enzyme levels,
and reaction rates over a specified time interval. Cybernetic
models can also predict how the system might respond to
dynamically changing environmental conditions (e.g., feed
rates, external concentrations, etc.) or genetic controls (e.g.,
transient induction of gene expression from an artificial
promoter). FBA models, on the other hand, are not fully
predictive because they require certain uptake rates to be
specified before the remaining fluxes can be determined.
As such, their capabilities are limited to predicting product
yields, but not the actual production rates. Since the uptake
rates are inputs to the FBA model, the model has no way
to predict how these rates might be altered in response to
genetic or environmental changes.
The original application of cybernetic models was to

predict diauxic growth patterns in multiple substrate bac-
terial cultures.Kompala et al. (1984, 1986)were able
to capture the experimentally verified diauxic shifts with
low-dimensional models comprising minimal biological
structure. Later work focused on describing the effects of
maintenance metabolism in bacterial cultures subjected to
low-growth situations. The work ofBaloo and Ramkrishna
(1991a,b) was significant in that it showed how cyber-
netic models incorporating maintenance effects could be
used to simulate the transient response of continuous cul-
tures following a step-up or step-down in dilution rate,
both in single and mixed substrate environments.Straight
and Ramkrishna (1994)expanded the cybernetic modeling
framework to include more general classes of elementary
units and nutritional objectives that reflect both substitutable
and complementary resource competitions. Recent results
by Varner and Ramkrishna (1999)andVarner (2000)have
laid the groundwork necessary for extension of cybernetic
models to large-scale metabolic networks. Our current work
seeks to further develop the cybernetic modeling framework
with an eye toward specific applications in the metabolic
engineering arena.

2. Cybernetic model formulation

The central feature of cybernetic models is their ability to
account for metabolic regulation by viewing the cell from
an economic perspective. This idea derives from the ob-
servation that certainlimited resources are required for the
synthesis of enzymes. In the same way that a manufacturing
facility requires raw materials, energy, and capital equip-

ment to fabricate a product, the cell also requires material
inputs from the pool of available amino acids, energetic in-
puts from the breakdown of ATP, and machinery in the form
of ribosomes, RNA polymerases, etc. in order to synthesize
new enzymes. Presumably, the cell’s regulatory strategies
have evolved in such a way as to ensure that said resources
are allocated in an efficient manner. The Matching and
Proportional Laws ofKompala et al. (1984, 1986), which
form the central tenets of cybernetic modeling, embody the
mathematical translation of this key insight.
In presenting the model formulation, there are three ma-

jor classes of objects that we will refer to by name. These
are reactions, metabolites, and enzymes. The ith reaction
is referred to asRi , where the indexi belongs to the set
I = {1, 2, . . . , NR}. Similarly, the j th metabolite is de-
notedMj and thekth enzyme is denotedEk, where the
subscripts are described byj ∈ J = {1, 2, . . . , NM} and
k ∈ K={1, 2, . . . , NE}. The concentration ofMj is written
mj . The specific rate ofRi and the specific concentration of
Ek are denotedri andek, respectively.
To construct a cybernetic model, we first decompose the

metabolic network into a collection ofelementary units,
which are subsets of reactions presumed to compete for a
common pool of cellular resources.We denote the�th unit as
��, where the index� belongs to the setL={1, 2, . . . , N�}.
In general, these are topologically connected subnetworks
embedded in the overall metabolic network and have tradi-
tionally been associated with convergent and divergent path-
way nodes, cyclic pathways, or linear pathway segments,
although more general network structures are not excluded
(Straight and Ramkrishna, 1994). Each elementary unit is
attributed a nutritional objective, and areturn on invest-
ment is assigned to each constituent reaction in reference
to this objective. The return on investment for a particular
reaction is a dynamic quantity that depends on the prevail-
ing reaction rates and metabolite concentrations at each in-
stant in time. The Matching and Proportional Laws establish
how enzyme synthesis rates and activities should depend on
the computed returns. In particular, these laws specify how
cyberneticu- andv-variables are to be determined for each
enzyme. Theu-variables describe how cellular resource is
allocated toward synthesis of needed enzymes, while thev-
variables describe the relative activity of these enzymes. It is
through the action of these control variables that the cyber-
netic structure exerts its influence on model behavior, thus
mimicking the role of metabolic regulation.
The rate of enzymeEk synthesis, denotedrEk , is ex-

pressed as the sum of a constitutive and an inducible term.
The constitutive rate is constant over time, while the in-
ducible rate varies in proportion to the amount of resource
allocated toEk.

rEk = �∗
Ek

+ �EkQ̇TUk. (1)

In this equation,�∗
Ek

is the constitutive rate ofEk synthesis,

Q̇T is the total rate at which resource is supplied to the
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metabolic network, and�Ek is a proportionality constant
relating the inducible synthesis rate to the rate of resource
input. Thecompletecybernetic variableUk is the overall
fraction of Q̇T allocated toEk synthesis, and is defined in
terms of localu-variables and globalU -variables as follows.

Uk ≡
∑
i∈IE(k)

N�∑
�=1

ui�U�. (2)

Here, the setIE(k) contains the indices of all reactions cat-
alyzed by enzymeEk. The globalU -variableU� is the frac-
tional allocation ofQ̇T to unit��. The localu-variableui�
describes the fractional sub-allocation of resourceU�Q̇T
earmarked for�� to reactionRi . Thus, we envision a two-
tiered process of resource allocation, whereinUk is deter-
mined by regulatory controls enacted at both global and lo-
cal levels.
The Matching Law relates the localu-variables within

each elementary unit to the rate of returnṗi� that reaction
Ri contributes to the objective of unit��.

ui� = ṗi�∑NR
s=1 ṗs�

. (3)

In order to computeṗi�, we associate an objective func-
tion ��(m) with unit ��, which depends on the vector of
metabolite concentrations. The rate of returnṗi� reflects the
total contribution ofRi toward improving the objective func-
tion��(m). For those reactions that compete within unit��
we write

ṗi� = ri
NM∑
j=1

max

(
Sij

���
�mj

,0

)
, (4)

whereS is the stoichiometric matrix and the reaction rateri
is determined by a suitable kinetic expression.
Previously, global cyberneticU -variables have been in-

corporated into models as an ad hoc mechanism for switch-
ing entire pathways “on” or “off” in response to the prevail-
ing needs of the organism. In the current treatment, we em-
ploy a more systematic approach wherein each elementary
unit is associated with aU -variable that depends explicitly
on the unit’s objective function value��. First, we apply the
Matching Law to expressU� in terms of the global rates of
return.

U� = Ṗ�∑N�
s=1Ṗs

. (5)

Then, we select a functionf�(��) to relate the global rate
of returnṖ� to the objective value��.

Ṗ� = f�(��). (6)

There may be several suitable choices for the function
f�(��), so long as they result iṅP��0 for all valid val-
ues of ��. However, choosing a function that decreases
monotonically with increasing�� leads to a complementary

resource competition among the various elementary units,
thereby diverting resource away from overperforming units
in favor of units that are underperforming with regard to
their assigned objectives. This behavior reflects the delicate
balancing that the cell must carry out in order to simulta-
neously satisfy multiple nutritional objectives. An example
of a useful function with these characteristics is described
in Section 3, where it is applied to a cybernetic model of
anaerobicEscherichia colimetabolism.
Localv-variables and globalV -variables are expressed in

terms of the aforementioned rates of return, which are com-
bined to give completeV-variables. The complete variable
Vi multipliesri to account for variations in relative enzyme
activity.

vi� = ṗi�

maxs∈I (ṗs�)
, (7)

V� =min

(
f�(��)

f�(�̄�)
,1

)
, (8)

Vi ≡
∑N�
�=1 vi�V�∑N�

�=1 v
max
i� V

max
�

, (9)

where�̄� is the reference value of�� at whichV� attains
its maximum value. Here,Vmax

� andvmaxi� are the maximum
possible values ofV� andv�, respectively. As seen in Eqs.
(7) and (8),Vmax

� = 1 ∀� ∈ L while vmaxi� = 1 if reactionRi
competes within unit�� andvmaxi� = 0 otherwise.
The metabolite balance equations are straightforward and

are relegated to the Appendix to maintain brevity. The en-
zyme balances, however, play a central role in the model
formulation and are worth special mention. They take the
form

dek
dt

= rEk − (�k + rG)ek, (10)

where�k is the first-order degradation constant forEk and
rG is the overall growth rate. We do not generally possess
information about the absolute enzyme levels, so it is more
convenient to nondimensionalize the enzyme concentration
by defining a characteristic enzyme levelēk that arises in
a particular metabolic reference state. We chooseēk to be
the steady-stateEk concentration whenrG = 0, Q̇T = 1,
and resource is allocated evenly amongst all enzymes in
proportion to the number of elementary units in which they
participate. In so doing, we can substitute forrEk using Eq.
(1) and rewrite Eq. (10) in terms of the relative enzyme level
�k.

d�k
dt

= �k

[
U∗
k + (1− U∗

k)Q̇T
Uk

Ūk

]
− (�k + rG)�k. (11)

In this equation,U∗
k represents the fractional constitutive

expression of enzymeEk, which is defined by

U∗
k ≡ �∗

Ek

�∗
Ek

+ �EkŪk
.
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If we let n(k) represent the number of elementary units in
which enzymeEk participates, the reference valuēUk is
described by

Ūk = n(k)∑NE
s=1n(s)

.

The kinetic expression forri is assumed to vary directly
with the relative enzyme level and to exhibit saturation de-
pendence on all substrates. This relationship can be ex-
pressed as

ri = ki�z(i)
∏

j∈J−(i)

mj

KMij +mj , (12)

whereki is the rate constant andKMij is the saturation con-
stant. The setJ−(i) contains the indices of the substrates of
reactionRi . The mappingz : I → K maps the index of a
given reaction to the index of the enzyme that catalyzes it.

3. Cybernetic E. coli model

Because of the tight coupling between carbon and energy
metabolism (viz., due to the predominance of substrate level
phosphorylation over oxidative phosphorylation) and the di-
verse range of excreted products that are available for mea-
surement, anaerobicE. coli cultures serve as an appealing
test bed for modeling studies. The metabolic network under
consideration is shown inFig. 1. The reaction steps repre-
sent the major pathways of central carbon metabolism that
are active inE. coli cultures growing anaerobically on glu-
cose, which include glycolysis, pentose phosphate pathway,
fermentation reactions, and certain TCA cycle reactions.
Biosynthetic processes are combined into a single growth
reactionR13 that consumes the precursor molecules PEP,
PYR, R5P, OAA, AcCoA, and OGA as well as the cofactors
ATP, NAD+, and NADPH in producing the lumped portion
of biomass. The precursor requirements for biosynthesis are
based on values inNeidhardt et al. (1990), which have been
modified to account for lumped metabolites.
The elementary units and objective functions used to con-

struct theE. colicybernetic model are listed inTable 1. Units
�1 and�2 are assigned complementary objective functions,
which ensure that fluxes leaving the glucose and PEP branch
points are modulated to maintain adequate levels of the
growth precursors PEP, R5P, PYR, and OAA. The scaling
parameters�1 and�2 are included in these objective func-
tions so that metabolites existing at different concentration
scales are handled in a consistent manner. Units�3 and�4
are associated with objective functions that serve to prevent
over-accumulation of PYR and OAA intermediates in the
model. Units�5, �6, �7, �8, and�9 ensure that levels of
OGA, NAD+, NADPH, AcCoA, and ATP are sufficient to
support the needs of growth and overall metabolism. Unit
�10 functions to induce the formate hydrogenlyase pathway
as the extracellular concentration of formate rises, which is a
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Fig. 1. AnaerobicE. coli central carbon metabolism. Metabolite abbrevia-
tions and associated indices: AcCoA, acetyl-CoA, 1; ACT, acetate, 2; ADP,
3; ATP, 4; CoA, 5; ETH, ethanol, 6; FOR, formate, 7; GLC, glucose, 8;
LAC, lactate, 9; NAD+, 10; NADH, 11; NADP+, 12; NADPH, 13; OAA,
oxaloacetate, 14; OGA, oxoglutarate, 15; PEP, phosphoenolpyruvate, 16;
PYR, pyruvate, 17; R5P, ribose-5-phosphate, 18; SUC, succinate, 19.

well-known physiological trait of anaerobicE. coli cultures
(Böck and Sawers, 1996). Unit �11 induces growth when
ATP levels are high and represses it when ATP levels fall.
The global rate of return for unit�� is computed by com-

paring the value of�� with its “target value”�̄�. This value
serves as a reference for determining the extent to which
the unit achieves its assigned objective. The functionf�(��)
introduced in Eq. (6) is given by

f�(��)=
a�(�

max
� − ��)

(2b� − c�)�� + c��̄� − 2b��
min
�

, (13)

where the coefficients are chosen such that

a� = �̄� − �min
� ,

b� = �max
� − �̄�,

c� = �max
� − �min

� .
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Table 1
Elementary units and objective functions used in the cyberneticE. coli model

� Unit name I�(�) ��(m) �min
� �̄� �max

�

1 GLC node {1,2} m16(m18)
�1 0 3.8 ∞

2 PEP node {3,4} m17(m14)
�2 0 3.8 ∞

3 PYR node {5,7} −m17 −∞ −4 0
4 OAA node {11} −m14 −∞ −0.1 0
5 OGA node {10} m15 0 1 ∞
6 NAD+ node {9,11} m10 0 2 2.2
7 NADPH node {14} m13 0 0.1 0.4
8 AcCoA node {5} m1 0 0.5 0.6
9 ATP node {8} m4 0 7 8
10 FOR node {6} −m7 −∞ KM67 0
11 Growth {13} −m4 −8 −7 0
The relevant component indices are given inFig. 1. I�(�) is the set of reactions competing within the�th unit. Parameter values for units�1 and�2
are �1 = 0.175 and�2 = 0.025. All concentration units are�mol/g, exceptm7 is in units of mM.

Note that the numerator and denominator of this rational
function are both linear in��. By constructingf�(��) in this
way, the resulting function smoothly interpolates the points

f�(�
max
� )= 0,

f�(�̄�)= 0.5,

f�(�
min
� )= 1.

Hence, each global return is scaled such that 0� Ṗ��1, with
Ṗ� decreasing gradually as�� increases. In most cases, the
parameters�min

� and�max
� are determined solely by the non-

negativity constraints on metabolite concentrations, and Eq.
(13) reduces to one of the limiting expressions that follow.

lim
�min
� →−∞

lim
�max
� →0

f�(��)=
��

�̄� + ��
, (14)

lim
�min
� →0

lim
�max
� →∞

f�(��)=
�̄�

�̄� + ��
. (15)

However, the concentration of any cofactor molecule is nec-
essarily bounded by the total availability of the cofactor’s
backbone moiety, since there is no net production or con-
sumption of this moiety due to reactions other than the
growth reactionR13. For example, the total ([ATP] + [ADP])
concentration is constrained by the stoichiometric yields in
reactionR13 to be no greater than 8�mol/g. Therefore, the
objective functions of units�6, �7, �8, �9, and�11 have
finite upper and lower bounds as given inTable 1.
The balance equations for all metabolites and enzymes

included in the model comprise a set of 39 simultaneous
ODEs. The model was simulated using the ODE15s rou-
tine of Matlab 6.5 (The Mathworks, Inc., Natick, MA).
Initial values for saturation constants were taken from
the BRENDA website (Schomburg, as accessed February
2004) and fromChassagnole et al. (2002). The degradation
half-lives of all enzymes were set to 1 h (Thattai and van
Oudenaarden, 2001), and we choseU∗

k = 0.1 for all en-
zymes except forE12. The maintenance reactionR12 is
constitutively expressed in the current model, and thus we

setU∗
12=1 andV12=1. The values of�, �̄,�max, and�min

shown inTable 1were approximated based on the available
steady-state measurements provided inChassagnole et al.
(2002) and Jackowski (1996). The value ofQ̇T was as-
sumed to be proportional to the sum of the global returns,
as given by the equation

Q̇T =
∑N�
�=1 f (��)∑N�
�=1 f (�̄�)

. (16)

Anaerobic shake-flask experiments on glucose minimal
medium were performed on two differentE. coli strains
to enable parameter estimation, a parent strain (GJT001)
that exhibits wild-type glucose metabolism and a derivative
pta-ackAknockout strain (YBS121) that cannot ferment to
acetate. Cell density was monitored spectrophotometrically
at 600nm, and the concentrations of glucose and fermenta-
tion products were determined by HPLC with dual UV and
refractive index detectors. The 14 rate constants as well as
the saturation constants for glucose in reactionsR1 andR2,
formate inR6, pyruvate inR7, and ATP in reactionsR12 and
R13 were optimized to fit the data inFig. 2using the Adap-
tive SimulatedAnnealing code ofIngber (1993). The acetate
knockout strain was simulated by setting the total synthesis
rate and initial concentration of enzymeE8 to zero.
Deleting the major acetate production pathway inE. coli

represents a significant perturbation to its metabolism, which
is evidenced by a drastically reduced growth rate and a
complete redistribution of fermentation products away from
acetate/ethanol/formate and into lactate. The model’s ability
to accurately capture this metabolic shift using a single set
of kinetic parameters is an extremely promising result and
demonstrates the ability of cybernetic models to successfully
describe the effects of genetic manipulation.

4. Application to metabolically engineered strains

We envisage the cybernetic modeling approach to
metabolic engineering as depicted inFig. 3. First, the
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Fig. 2. Simulated behavior of GJT001 parent strain (solid lines) and
YBS121 acetate knock-out strain (dashed lines) optimized to fit experi-
mental results (GJT001,•; YBS121,×). Error bars indicate 90% confi-
dence intervals.
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Fig. 3. Overview of cybernetic modeling approach to metabolic engineer-
ing.

cybernetic model is identified based on experimental inputs
from a parent strain as well as several genetic variants. The
resulting model can then be used to simulate the network
response evoked by overexpression, underexpression, or
complete knockout of specific enzymes. Qualitative insights
gained from such an analysis serve to guide the metabolic
engineering process while eliminating unnecessary rounds
of strain development and characterization. Furthermore,
model simulations may be used to provide quantitative
prescriptions for how enzyme levels should be “tuned”
in order to elicit a desired phenotype. Once an optimized
strain has been designed and engineered, its experimental
characterization will enable further model refinements.
In order to model recombinant organisms, we must ac-

count for differences in gene expression between the host
strain and its derivatives by adjusting the enzyme synthesis
parameters�∗

Ek
and �Ek in Eq. (1). Equivalently, one can
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Fig. 4. Simulated behavior of strain 538-1Y (dotted lines) with comparison
to experiment. Error bars indicate 90% confidence intervals.

rewrite Eq. (11) in the modified form

d�k
dt

= �k

[
�∗
kU

∗
k + �k(1− U∗

k)Q̇T
Uk

Ūk

]
− (�k + rG)�k, (17)

where�∗
k and�k represent the relative levels of constitutive

and inducible synthesis of enzymeEk in the recombinant
strain. For example, values of�∗

k <1 and�k <1 reflect at-
tenuation of gene expression, while values greater than unity
reflect overexpression.
As a trial case, we applied the cyberneticE. coli model

of Section 3 to predict the effects of attenuatingpta-ackA
expression to levels intermediate between that of the wild-
type and acetate knockout strains. To check the accuracy of
this prediction,E. coli strain 538-1Y was constructed by re-
inserting thepta-ackAgenes into YBS121 on a high-copy
plasmid, but with the native promoter replaced by a consti-
tutive promoter of reduced strength (Jensen and Hammer,
1998). Results are presented inFig. 4 comparing the simu-
lated behavior of 538-1Y to experimental results obtained in
shake-flasks. The simulation was accomplished by simulta-
neously setting�8 to zero and varying�

∗
8 until the predicted

distribution of fermentation products best matched the ex-
perimental observations, which occurred at�∗

8 = 1.7. The
predicted log-phaseE8 levels in 538-1Y are approximately
10.5% of those in GJT001.



J. Young et al. / Chemical Engineering Science 59 (2004) 5041–5049 5047

The model correctly predicts a product distribution that
is intermediate between those of GJT001 and YBS121. The
end-of-batch concentrations are predicted to within 20–30%
of the measured values in most cases, which is reasonable
in light of relative standard deviations that can be 10% or
higher in many experiments. However, the model overes-
timates the experimentally determined rates of growth and
glucose uptake for strain 538-1Y, with the predicted batch
time of 12h differing significantly from the observed 15h
batch time. In fact, these rates are no faster than those exhib-
ited by YBS121, although the distribution of fermentation
products is markedly different. This is certainly an unex-
pected result, since the ATP-producing acetate pathway is at
least partially active in 538-1Y and is completely inactive in
YBS121. Plasmid burden does not seem to be a major fac-
tor leading to the less-than-expected growth rate of 538-1Y,
as borne out by experiments with a control strain harboring
thepta-ackA-free cloning vector in theYBS121 background.
Ongoing research efforts are focused on understanding the
cause of the growth deficiency in derivatives of YBS121,
which leads to much of the current mismatch between model
and experiment. One possibility is that YBS121 may have
acquired additional mutations in genes other thanpta-ackA,
or that other nearby genes or regulatory regions may have
been affected by the deletion ofpta-ackA. We are currently
investigating this possibility by constructing a plasmid that,
when inserted into YBS121, will expresspta-ackAat levels
near those of GJT001. If the phenotype of this strain differs
significantly from that of GJT001, we can conclude that in-
advertent differences in the genetic backgrounds of GJT001
and YBS121 are primarily responsible for the diminished
growth rate of YBS121 and its derivatives. Another possi-
ble source of mismatch might be due to the putative role
of acetyl-phosphate as a global regulator involved in signal
transduction pathways (Ninfa, 1996). As acetyl-phosphate
is an intermediate of the acetate pathway, its level will be
strongly affected by manipulation ofpta-ackAexpression.

5. Conclusion

A systematic treatment of global cybernetic variables has
been developed and applied to investigate the response ofE.
coli to targeted genetic manipulations. Although it reason-
ably estimates the end-of-batch concentrations for a strain
with intermediatepta-ackAactivity, it over-predicts the mea-
sured growth and glucose uptake rates. This study illustrates
a key difficulty in carrying out metabolic engineering design,
which is that manipulations intended to boost product yield
or titer can have deleterious effects on growth and overall
metabolism. The current cyberneticE. colimodel most likely
falls short due to some added regulatory complexity or mu-
tational side effect that has not been included in the model
formulation. However, FBA and other approaches based on
steady-state approximations cannot even offer predictions of
these changing uptake rates because they areinputs to the

model. The cybernetic approach, on the other hand, ties these
uptake rates to the rest of cellular metabolism through their
associatedU- andV-variables and kinetic rate expressions.
Elevating metabolic engineering to a level of precision that
is on par with other engineering disciplines will require con-
tinued development of modeling strategies that predict not
only yields, but overall productivities as well.
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Appendix A

A.1. Extracellular liquid phase

In order to describe the time evolution of the various
liquid-phase concentrations, we require a balance for each
species present in the extracellular liquid.

dmj
dt

= c
NR∑
i=1

Sij riVi , (A.1)

wherec is the biomass concentration. The kinetic expression
used to computeri is presented in Section 2. As also dis-
cussed in Section 2, the cybernetic variableVi represents
the relative activity of the enzyme that catalyzes reactionRi .

A.2. Total biomass balance

The total biomass balance is a special case of Eq. (A.1).

dc

dt
= crG. (A.2)

The specific growth raterG is defined as the sum of the net
specific production rates of all intracellular components.

rG =
∑
j∈J int

NR∑
i=1

hjSij riVi . (A.3)

The setJ int contains the indices of all intracellular metabo-
lites. The conversion factorhj appearing in Eq. (A.3) is re-
quired to convert the net specific production rate ofMj to
the appropriate units (viz., grams ofMj per gram dry weight
of biomass per unit time).
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Table 2
Reaction stoichiometries and kinetic parameters used in the cyberneticE. coli model of Section 3

i ReactionRi ki KMij

1 GLC + ADP + 2NAD+ → PYR + ATP + PEP + 2NADH 14± 2 GLC: 1± 3, ADP: 0.3, NAD+: 0.7
2 GLC + 2NADP+ → 2NADPH + CO2 + R5P 6.774± 0.002 GLC: 1± 3, NADP+: 0.02
3 PEP + ADP→ PYR + ATP 16.379± 0.005 PEP: 0.5, ADP: 0.4
4 PEP + CO2 → OAA 15.233± 0.003 PEP: 1, CO2: 0.2
5 PYR + CoA→ AcCoA + FOR 12.748±<0.001 PYR: 3, CoA: 0.05
6 FOR→ CO2 + H2 3.78796± 0.00007 FOR: 6.638± 0.003
7 PYR + NADH → LAC + NAD+ 17.5± 1.2 PYR: 37.691± 0.011, NADH: 0.02
8 AcCoA + ADP→ ACT + ATP + CoA 9.02± 0.03 AcCoA: 0.1, ADP: 0.1
9 AcCoA + 2NADH → ETH + 2NAD+ + CoA 11.988± 0.003 AcCoA: 0.02, NADH: 0.08
10 OAA + AcCoA +NADP+ → OGA + CO2 + NADPH + CoA 3.7596± 0.0003 OAA: 0.03, AcCoA: 0.2, NADP+: 0.02
11 OAA + 2NADH + ADP→ SUC + 2NAD+ + ATP 4.80273± 0.00001 OAA: 0.08, NADH: 0.1, ADP: 1
12 ATP→ ADP 14.4432±< 0.0001 ATP: 33.7955±< 0.0001

13
1.9739PEP+ 2.8328PYR+ 1.7867OAA+ 3.7478AcCoA+ 1.0789OGA+
1.6197R5P+ 42.7030ATP+ 3.5448NAD+ + 14.2250NADPH→
B + 3.7484CoA+ 42.7110ADP+ 3.5470NADH+ 14.2254NADP+

7 ± 5

PEP: 0.4,PYR : 0.4,OAA : 0.01,
AcCoA : 0.05,OGA : 0.1,R5P: 0.07,
ATP : 1.01457±<0.00001,NAD+ : 0.2,
NADPH : 0.01

14 NADH + NADP+ → NADPH + NAD+ 4.361± 0.002 NADH: 0.002, NADP+: 0.008
90% confidence intervals are indicated for all estimated parameters. Values ofki are in units of mmol g−1 h−1. Values ofKMij are in units of�mol g−1

for intracellular species and mM for extracellular species. The component B represents the lumped portion of biomass.

A.3. Intracellular metabolite balance

The balance equation for intracellular metabolites is given
by

dmj
dt

=
NR∑
i=1

Sij riVi − rGmj . (A.4)

Note that here, in contrast to Eq. (A.1),mj represents the
specificconcentration ofMj .

A.4. Model parameters

The reaction network for the cyberneticE. coli model
is shown inTable 2along with the values ofki andKMij
associated with each reaction. For those parameters that
were estimated based on experimental data, 90% con-
fidence intervals are provided. Initial concentrations for
extracellular species were set based on the available ex-
perimental data. For intracellular species, initial concentra-
tions were established by setting [AcCoA]= 0.5�mol/g,
[ADP] = 1�mol/g, [ATP]= 7�mol/g, [CoA]= 0.1�mol/g,
[NAD+] = 2�mol/g, [NADH] = 0.2�mol/g, [NADP+] =
0.3�mol/g, [NADPH] = 0.1�mol/g, [OAA] = 0.1�mol/g,
[OGA] = 1�mol/g, [PEP]= 4�mol/g, [PYR]= 4�mol/g,
[R5P]= 0.7�mol/g, and all relative enzyme levels to unity
followed by simulating the model to an internal steady-
state. The resulting steady-state values were taken as initial
concentrations for the simulated growth curves.
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