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1. Introduction

Metabolic engineering involves the adjustment of metabolic
and regulatory processes to improve desired cellular behav-
iors, such as the production of proteins and chemicals. Since
cellular metabolic and regulatory networks are often large
and complex, the construction and analysis of computational
models of these networks can be useful for identifying
current network states and evaluating the effects of net-
work perturbations on desired phenotypes. This special
issue includes papers that illustrate how computational
approaches can be used in metabolic engineering. Here, we
provide a brief overview of several established computational
approaches that can be used to aid in the engineering of
metabolic networks, while describing some of the exciting
recent advances in these fields.

2. Descriptive Approaches for Identifying
Intracellular Metabolic States

A variety of experimental measurements can be used to
quantify the state of metabolic and regulatory networks,
including flux analysis, gene expression, protein expression,
metabolite concentration, enzyme activity, uptake and secre-
tion rates, and transcription factor-DNA binding assays.
Computational models and approaches can be useful for
integrating and analyzing such datasets to quantify metabolic
fluxes and uncover their regulatory properties.

2.1. 13C Labeling Experiments and Metabolic Flux Analysis.
The ability to quantitatively map intracellular fluxes using

metabolic flux analysis (MFA) is critical for identifying path-
way bottlenecks and elucidating network regulation in bio-
logical systems, especially in engineered cells with nonnative
metabolic capacities [1, 2]. 13C-MFA experiments involve
feeding isotopically labeled substrates to cells, tissues, or
whole organisms and subsequently measuring the patterns of
isotope incorporation that occur in intracellular metabolites
or secreted products [3]. Both mass spectrometry (MS) and
nuclear magnetic resonance (NMR) can be used to quantify
the relative abundance of different “isotopomers” (i.e.,
isotope isomers) associated with each measured biomolecule.
Because different metabolic pathways often give rise to
distinct isotope labeling patterns, isotopomer abundances
can be used to infer the relative fluxes through these pathways
[4]. As a result, isotopomer measurements obtained from MS
or NMR, in combination with direct measurements of extra-
cellular uptake or secretion rates, can be computationally
analyzed to reconstruct comprehensive flux maps describing
intracellular metabolism, which is the essence of MFA. A
complete flux map is thus the phenotypic equivalent of the
transcriptional map obtained from DNA microarrays, and
tracking flux changes in response to targeted perturbations
can provide important information about the distribution of
kinetic and regulatory controls in metabolism [5].

The standard approach for computing a flux map
involves a nonlinear least-squares regression to minimize
the lack-of-fit between (i) experimentally measured and (ii)
computationally simulated data. The latter are derived by
solving a “forward problem”, which involves solving the
isotopomer and metabolite balance equations for a particular
set of flux parameters in order to calculate the relative
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abundance of all observable metabolite labeling patterns.
Because the forward problem must be solved up to hundreds
or even thousands of times to achieve an optimal fit, a
great deal of effort has been placed on developing improved
strategies to simulate the isotopic labeling produced by a
particular network state. The Elementary Metabolite Unit
(EMU) approach was developed by Antoniewicz et al.
[6] to address precisely this problem. Through a novel
decomposition of the isotopomer network, the algorithm
systematically identifies the minimal set of variables required
to simulate the available labeling measurements. The EMU
approach has achieved 10-fold reductions in the system sizes
required to simulate 13C labeling in both medium- and large-
scale networks [6, 7]. While these gains are impressive, the
true power of the EMU approach is in its ability to unlock
entirely new isotope labeling strategies that were previously
outside the reach of computational tractability. For instance,
the number of isotopomer variables required to simulate
mixed 13C, 18O, and 2H labeling in even a small-scale
network of gluconeogenesis (24 reactions, 14 intracellular
metabolites) climbs into the millions, while the number of
EMU balances is in the mere hundreds [6].

Typically, MFA relies on the assumption of both
metabolic and isotopic steady state. Achieving this situation
experimentally involves (i) equilibrating the system in a
stable metabolic state, (ii) introducing an isotopically labeled
substrate without perturbing the metabolic steady state,
(iii) allowing the system to establish a new isotopic steady
state that reflects the underlying metabolic fluxes, and
(iv) measuring isotopic labeling in the fully equilibrated
system. Depending on the relative speed of metabolic and
isotopic dynamics, however, other experimental scenarios
can be envisioned. If the isotopic labeling responds quickly
to any metabolic changes in the system, quasi-stationary
MFA can be applied to obtain a series of snapshots that
describe the variation in network fluxes over time [8, 9].
Conversely, if labeling occurs slowly but metabolism is
maintained in a fixed state, isotopically nonstationary MFA
(INST-MFA) can be used to estimate fluxes [10]. Finally,
when measurements are obtained under both metabolically
and isotopically nonstationary conditions, a fully dynamic
modeling approach is required to estimate fluxes [11].
In the current issue, Lequeux et al. (G. Lequeux et al.
“Dynamic metabolic flux analysis demonstrated on cultures
where the limiting substrate is changed from carbon to
nitrogen and vice versa”) have taken a different dynamic
MFA approach by obtaining transient measurements of 10
different extracellular metabolites during the shift of E. coli
cells from nitrogen- to carbon-limitation, or vice versa.
Numerically differentiating these extracellular measurements
allowed the authors to estimate dynamically changing uptake
and secretion fluxes, which provided the measurements
necessary to estimate all intracellular fluxes in their model as
a function of time. This has the advantage of avoiding the
complications imposed by measuring and fitting transient
isotope labeling data, but at the same time provides limited
redundancy to validate assumptions on cofactor balancing
and respiration efficiency that must be invoked in order to
close the system of balance equations [12].

By applying the EMU approach, Young et al. [13] have
recently developed computational routines that achieve more
than 5,000-fold speedup relative to prior INST-MFA algo-
rithms. This opens the door to several practical applications
that were previously intractable due to the computational
complexity of INST-MFA, where the isotopomer balances
are described by differential rather than algebraic equations.
INST-MFA is ideally suited to systems that label slowly
due to the presence of large intermediate pools or pathway
bottlenecks. This approach not only avoids the additional
time and cost of feeding isotope tracers over extended
periods [14], but may become absolutely necessary in cases
where the system cannot be held in a fixed metabolic state
long enough to allow isotopic labeling to fully equilibrate. As
a result, INST-MFA is expected to become an indispensible
tool for extending MFA approaches to studies of mammalian
systems [15–17], industrial bioprocesses [10, 18], and other
scenarios where obtaining a strict isotopic steady state may be
impractical. Another emerging application of INST-MFA is
its application to photoautotrophic metabolism, which is the
process by which plants, algae, and cyanobacteria use light
energy to fix carbon dioxide into complex organic molecules.
Because photoautotrophs assimilate carbon solely from CO2,
feeding 13CO2 will produce a uniform steady-state labeling
pattern that is insensitive to fluxes. Thus, conventional
steady-state 13C-MFA is incapable of quantifying autotrophic
metabolic fluxes [19]. However, transient measurements
of isotope incorporation following a step change from
unlabeled to labeled CO2 can be used to estimate fluxes
by applying INST-MFA [20]. This approach enables com-
prehensive flux analysis of photoautotrophic metabolism,
complementing previous 13C-MFA studies of plants [21]
and cyanobacteria [22] that were limited to heterotrophic
or mixotrophic culture conditions, with sugar as the major
carbon source. Taken together, these advances illustrate
how combined progress in both analytical capabilities and
computational techniques are driving MFA applications
toward larger, more dynamic, and more complex biochem-
ical networks, which encompass a growing variety of plant,
animal, and microbial systems.

2.2. Using Metabolite and Gene/Protein Expression Measure-
ments. In addition to 13C-MFA experiments, other large-
scale measurements can be made which capture cellular
metabolic states. These include measurements of metabolite
concentrations and gene or protein expression. Metabolite
concentrations can now be quantified using mass spec-
troscopy for hundreds of metabolites in a single condition.
For example, Bennett and colleagues used LC-MS/MS to
quantify over 100 metabolite concentrations in E. coli cells
grown under three different conditions [23]. These metabo-
lite concentrations can be analyzed to identify potential
metabolic bottlenecks by evaluating enzyme saturation and
estimating Gibbs-free energy changes of reactions. Bennett
and colleagues compared measured metabolite concentra-
tions to reported Michaelis-Menten kinetic parameters (Km)
to determine whether individual reaction rates are substrate
(where [substrate] � Km) or enzyme limited (where
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[substrate] � Km). Their analysis found that most substrate
concentrations were higher than the reported Km values
(83%) indicating that for many reactions the rates are
limited by enzyme levels [23]. Metabolite concentrations
can also be used to estimate thermodynamic properties of
metabolic reactions since the change in Gibbs-free energy
for a reaction (ΔRG′) is dependent on substrate and product
concentrations [24, 25]. The ΔRG′ values can be estimated
from measured metabolite concentrations and then used
to distinguish between those reactions that are operating
close to equilibrium (ΔRG′ ≈ 0), and those reactions
that are far from equilibrium (ΔRG′ � 0) whose rates
may be limited by regulation via enzyme kinetics [25].
Thermodynamic analysis using metabolite concentrations
has been preformed for both E. coli and S. cerevisiae to
identify these types of reactions [23, 25, 26]. Together the
analysis of metabolite concentrations using both kinetic (if
available) and thermodynamic information can be useful to
identify metabolic bottlenecks or rate limiting reactions.

In addition to metabolite concentrations, gene expres-
sion and protein expression measurements can also be used
to help elucidate metabolic fluxes and their regulation.
Recent modeling efforts have used these types of measure-
ments to improve predictions of fluxes through metabolic
reactions [5, 27–29]. With these approaches, gene expression
data is used to place restrictions on flux values or flux
changes. The GIMME method uses an expression threshold
and prevents flux through reactions associated with genes
whose expression is below the threshold. In this case, an
inconsistency score is minimized, where penalties depend on
the magnitude of the flux and how far the expression is below
the threshold [27]. Another method, proposed by Shlomi
and colleagues, instead groups reactions into high, medium,
and low sets based on expression levels of associated genes
[29]. A flux distribution is then identified that has flux
through as many reactions in the high set as possible, and
no flux through as many reactions as possible in the low set.
In the third method (E-flux), the relative expression levels of
genes from a given condition are used to place constraints
on the upper limits flux values can take [28]. Another
approach, developed by Moxley and colleagues, instead uses
the changes in expression level between two conditions to
estimate the changes in fluxes between two conditions [5].
In this case, the predicted flux change depends on the
expression change (ΔmRNA) and some additional model
parameters. All of these methods have been applied to gene
expression measurements, but they likely can also be used
with quantitative proteomics measurements.

3. Predictive Approaches for Improving
Cellular Phenotypes

The modeling approaches described in the previous sections
can provide descriptions of the metabolic fluxes by analyzing
different types of experimental measurements. Once these
metabolic states are known, other modeling approaches
can be used to identify which environmental and/or ge-
netic perturbations would improve cellular phenotypes, such

as the production of desired chemicals. These predictive
approaches include pathway-based and optimization-based
methods, that take into account the structure and stoichiom-
etry of metabolic networks, as well as, kinetic modeling
approaches that also account for enzyme kinetics.

3.1. Pathway-Based Approaches. Identification of the relevant
pathways of a metabolic network is essential for finding
effective metabolic engineering strategies. These pathways
can also help derive minimal media requirements for an
organism and assess the robustness and redundancy of key
metabolic pathways. In this special issue, F. Llaneras and J.
Picó review and compare four established methods used to
identify relevant metabolic pathways: extreme currents, ele-
mentary modes, extreme pathways, and minimal generators
(F. Llaneras and J. Picó, “Which metabolic pathways generate
and characterize the flux space? A comparison among ele-
mentary modes, extreme pathways and minimal generators”).
The authors recommend elementary modes for determining
the metabolic impact of gene knockouts and the required
pathways of a network for producing desired chemicals.
The calculation of elementary modes requires knowledge of
reaction stoichiometry and reversibility, making the recent
modeling advances in biochemical reaction thermodynamics
important to this analysis. Several algorithms and software
packages have been developed for calculating the elementary
modes of a metabolic network, including Metatool [30, 31],
FluxAnalyzer [32], and functionalities built into OptFlux
[33]. However, the problem of combinatorial explosion when
calculating elementary modes for large complex metabolic
networks has been documented [34]. This has paved the
way for clustering algorithms such as the Agglomeration
of Common Motifs (ACoM) [35] in an attempt to give
biological meaning to elementary modes and define related-
ness between reactions. Application of elementary modes to
rational metabolic engineering approaches has now enabled
strain design algorithms such as those used by OptFlux
[33] and the genetic algorithm-based method compiled by
Boghigian et al. [36]. Elementary flux modes have been
successfully used to engineer strains with a variety of desired
phenotypes, including sugar coutilization [37], ethanol [37,
38], and carotenoid production [39]. Z. Chen et al., in this
issue, use elementary modes to find strategies for improving
the conversion of glycerol into succinate by considering the
effects of oxygen utilization and genetic alterations (Z. Chen
et al., “Elementary mode analysis for the rational design of effi-
cient succinate conversion from glycerol by Escherichia coli”).
Random sampling of flux distributions provides another way
of investigating possible flux distributions through metabolic
networks [40, 41], and A. De Martino et al. in this issue
use both structural analysis and sampling to explore the
robustness of human red blood cell (RBC) metabolism (A.
De Martino et al., “Optimal fluxes, reaction replaceability, and
response to enzymopathies in the human red blood cell”).

3.2. Optimization-Based Approaches. Alternatives to path-
way-based approaches include optimization-based meth-
ods, which can also identify mutations that would improve
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desired phenotypes (e.g., increased production yields). Here,
the models use the same stoichiometric and thermodynamic
constraints as those used in pathway-based approaches,
but solutions are identified which maximize or minimize
a stated objective. To predict how metabolic fluxes will
change in response to a genetic perturbation, a number of
different approaches have been developed, including flux
balance analysis (FBA, reviewed in [42]), minimization
of metabolic adjustment (MOMA) [43], regulatory on/off
mechanism (ROOM) [44], regulated flux balance analysis
(rFBA and SR-FBA) [45, 46], and probabilistic regulation of
metabolism (PROM) [47]. Most of these approaches are used
to predict the immediate behavior of knockout strains [43,
44], with the exception being FBA, whose predictions more
closely resemble strain behavior after cells have undergone
adaptive evolution [48]. MOMA has been successfully used
to engineer strains with increased production of a variety of
products including lycopene [49, 50], valine [51], threonine
[52], and polylactic acid [53].

To identify those genetic strategies that are predicted to
have the highest chemical production levels, a large number
of possible strategies must be considered. Bilevel approaches
can be used to identify which are the best production
strategies given a maximum number of genetic alterations
without having to generate and store predictions for all
possible strategies. These bilevel methods can be solved
using integer programming and/or genetic algorithms [54–
57]. A variety of such bilevel methods have been proposed
which use FBA, SR-FBA, and MOMA to predict mutant
strain behaviors, and these approaches can consider genetic
changes involving gene deletions, altered gene expression,
or altered transcriptional regulation [54, 56, 58–61]. These
methods have been used to design strains for a variety
of chemicals [55, 62–64]. A more recent bilevel approach
(OptFORCE) uses optimization to identify how metabolic
fluxes must change to improve metabolite production, which
is independent of any assumptions about what functions are
used to predict cellular behavior [60].

3.3. Kinetic Modeling Approaches. Both types of models
and methods described in the last two sections do not
take enzyme kinetics into account. As a result, they are
unable to predict how changes in kinetic properties, enzyme,
and metabolite concentrations would affect fluxes through
metabolic pathways. Kinetic models are needed to make
these types of predictions since they capture the dependence
of fluxes on metabolite and enzyme concentrations. These
types of models can be analyzed to identify which changes
are needed for improving cellular phenotypes. The classical
framework for elucidating parameters responsible for the
control of metabolic fluxes is metabolic control analysis
(MCA), developed in the early 1970s independently by
Kacser and Burns [65] and Heinrich and Rapoport [66].
Recently, Visser et al. developed an alternative approach
called linlog kinetics [67, 68]. Here, all rate equations are
modeled with the same basic mathematical structure in
which the relationship between rates and enzyme levels
is linear, while for metabolite levels, a linear combination

of logarithmic terms is used. Young et al. [69] have
recently expanded the cybernetic modeling framework of
Ramkrishna [70] to incorporate metabolic pathway concepts
derived from elementary mode analysis. This led to models
that could predict both local and global control properties of
metabolic networks in response to either dynamic environ-
mental shifts or stable genetic manipulations. These models
were applied to predict phenotypes of several recombinant
E. coli strains, and they were found to provide good
agreement with experimental data. Furthermore, because of
the dynamic nature of these models, they were capable of
simulating responses that are not readily addressed by purely
stoichiometric models (e.g., allosteric or kinetic effects of
intermediate metabolites, enzyme overexpressions and par-
tial knockdowns, and time-dependent culture conditions).
In this special issue, A. Yachie-Kinoshita et al. review the
history of kinetic models for human red blood cells (RBCs)
and describe an RBC metabolic model implemented in
the E-cell simulation environment (A. Yachie-Kinoshita et
al., “A metabolic model of human erythrocytes: practical
application of the E-Cell Simulation Environment”). They
discuss how this E-cell RBC model can be applied to predict
RBC responses to hypoxic environments and long-term cold
storage and identify enzymes whose altered activity could
improve storage conditions for RBCs.

4. Concluding Remarks

A growing number of computational tools that facilitate
the evaluation and improvement of strains for metabolic
engineering are currently being developed and expanded.
These methods can account for a wide range of experimental
measurements to provide an improved understanding of
metabolic states and current limitations, and they can be
used to identify new engineering strategies for improved
chemical production. The collection of papers in this special
issue highlight several recent advances and underscore the
emerging applications of these computational tools.

Jennifer L. Reed
Ryan S. Senger

Maciek R. Antoniewicz
Jamey D. Young
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The main requirement for metabolic flux analysis (MFA) is that the cells are in a pseudo-steady state, that there is no accumulation
or depletion of intracellular metabolites. In the past, the applications of MFA were limited to the analysis of continuous cultures.
This contribution introduces the concept of dynamic MFA and extends MFA so that it is applicable to transient cultures.
Time series of concentration measurements are transformed into flux values. This transformation involves differentiation, which
typically increases the noisiness of the data. Therefore, a noise-reducing step is needed. In this work, polynomial smoothing was
used. As a test case, dynamic MFA is applied on Escherichia coli cultivations shifting from carbon limitation to nitrogen limitation
and vice versa. After switching the limiting substrate from N to C, a lag phase was observed accompanied with an increase in
maintenance energy requirement. This lag phase did not occur in the C- to N-limitation case.

1. Introduction

Material balances of reactors describe how certain com-
pounds go in the reactor and are transformed into other
compounds. Metabolic models consider the cell as the
reactor and, additionally to the exchange rates, also include
information on the different steps (reactions) on how the
input compounds are transformed to the output com-
pounds. This should allow to gain insight in the internal
cellular fluxes. Typically the number of equations (material
balances of the different compounds) obtained is less than
the number of unknowns (exchange rates and reaction rates)
one wants to calculate.

Techniques for solving metabolic models can be
divided into two main groups: data-driven techniques and
knowledge/assumption-driven techniques.

The prime example of a data-driven technique is
metabolic flux analysis (MFA) where intracellular fluxes

are calculated based on measured exchange rates. The
mathematical technique used was initially developed for
black box modeling [1, 2], but can easily be applied to
stoichiometric models [3, 4]. Exchange rates are not always
sufficient to solve a stoichiometric model. In such cases,
the option exists to measure intracellular fluxes via 13C
enrichment analysis [5].

The counterpart of MFA is flux balance analysis (FBA)
which uses linear optimisation to solve the stoichiometric
model [6] and does not directly use measurements (although
measurements can be included [7]). Whereas FBA typically
yields one optimal solution, the calculation of elementary
modes or extreme pathways gives a full view of the metabolic
capabilities of an organism [8, 9]. An overview of the
different extensions applied to MFA and FBA is given in [10].

Both MFA and FBA have the fundamental assumption
that the cell is in a pseudo-steady state, thus that there is
no accumulation or depletion of intracellular metabolites.
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This implies that metabolic models can only be used for
cells in pseudo-steady state. Models that fully describe the
cellular dynamics exist, but are complex and cumbersome to
implement and/or very limited in scope [11, 12].

However, some examples of FBA applied in nonstation-
ary cases can be found. Varma and Palsson [13] used flux
balance analysis to describe fed batches by iteratively solving
the model for maximal biomass production. At each time
point, the available substrate is calculated from the results
of the FBA in the previous step. This way the time profiles of
cell density, glucose, and by-products could be quantitatively
predicted. This concept of dynamic FBA (DFBA) is further
developed by Mahadevan et al. [14]. They formalise the
methodology of Varma and Palsson [13] and name it
static optimisation-based DFBA. They also introduce a new
methodology, called dynamic optimisation-based DFBA, in
which the optimisation is done over the entire time period
of interest to obtain time profiles of fluxes. The methodology
of dynamic optimisation-based DFBA is combined with the
concept of minimisation of metabolic adjustment (MOMA)
to model the myocardial energy metabolism [15]. Minimisa-
tion of metabolic adjustment (MOMA) is an alternative goal
function to better predict the behaviour of mutated strains
[16]. Using this technique, it was shown that the cellular
metabolism does not always remain optimal during transient
perturbations [16]. Lee et al. [17] introduced integrated
dynamics FBA (idFBA) that dynamically simulates cellular
phenotypes arising from integrated networks. These net-
works combine metabolic models with genetic, regulatory,
and intracellular signalling information.

In this contribution, not FBA but MFA is extended so
that it can be used for modelling cultures during transient
conditions. This is reasonable as intracellular pseudo-steady
state can also be assumed under certain dynamic conditions,
because of the relatively small time constants of cellular
processes, for example, mass action and metabolic adaption
to novel conditions, in comparison with processes affecting
the observed environmental conditions. Indeed, perturba-
tion experiments performed in E. coli [11, 18–20] showed
that intracellular metabolite pools reach a new pseudo-steady
state after 20 seconds. Hence, an intracellular pseudo-steady
state can be assumed during the transient.

Pseudo-steady state conditions are typically encountered
in chemostat operated cultures [21, 22]. Chemostats are
mostly run under the concept that only one substrate is lim-
iting. However, conditions do exist where multiple substrates
can be limiting at the same time. Practical applications of
such dual limitations have been described by Zinn et al.
[23]. Egli [24] has described concentration zones in which
both glucose and nitrogen are limiting. In this contribution,
however, the limiting compound in the feed medium of
steady state cultures is switched from glucose to ammonia
and vice versa. No abrupt changes are thus sensed by the
cells (the reactor broth is only gradually replaced), an ideal
test case for applying dynamic FBA. The exchange fluxes
of metabolites are determined based on their concentration
in the reactor broth and are subsequently used to solve an
overdetermined metabolic model, resulting in the determi-
nation of the intracellular flux values during the transient

period. As exchange fluxes are based on the derivative of the
concentration data, the latter ones are first smoothed to avoid
amplification of the noise in the exchange fluxes.

2. Materials and Methods

2.1. Bacterial Strain. Escherichia coli MG1655 [λ−, F−, rph–
1, (del fnr)] was obtained from the Netherlands Culture
Collection of Bacteria (NCCB, Utrecht, The Netherlands).

2.2. Culture Conditions

2.2.1. Media. Composition of the Luria Bertani Broth (LB)
medium and shake flask medium (for the preculture) can be
found in [25].

The minimal medium used in the reactor consisted of
2.5 g/L (N-limited medium) or 5 g/L (C-limited medium)
(NH4)2SO4, 2 g/L KH2PO4, 0.5 g/L NaCl, 0.5 g/L MgSO4 ·
7H2O, 33 g/L (N-limited medium) or 16.5 g/L (C-limited
medium) Glucose ·H2O, 1 mL/L vitamin stock solution and
100 μL/L molybdate stock solution. Vitamin stock solution
consisted of 3.6 g/L FeCl2 ·4H2O, 5 g/L CaCl2 ·2H2O, 1.3 g/L
MnCl2 ·2H2O, 0.38 g/L CuCl2 ·2H2O, 0.5 g/L CoCl2 ·6H2O,
0.94 g/L ZnCl2, 0.0311 g/L H3BO4, 0.4 g/L Na2EDTA · 2H2O,
and 1.01 g/L thiamine · HCl. The molybdate stock solution
contained 0.967 g/L Na2MoO4 · 2H2O. All components were
dissolved and filter-sterilised (pore size 0.22 μm, Sartobran,
Sartorius, Belgium). The pH was left at approximately 5.4.

2.2.2. Cultivations. Culture conditions and inoculation pro-
cedure are described in [25].

The experiment in which the limiting substrate was
changed from glucose to ammonia was conducted at a
dilution rate of 0.155 h−1. The experiment in which the lim-
itation was changed from nitrogen to carbon was conducted
at a dilution rate of 0.142 h−1.

For each experiment, steady state samples were taken:
optical density (OD), cell dry weight (CDW), and HPLC
analyses. These samples were taken after waiting at least five
residence times after the batch phase. To ensure that the
perturbations caused by sampling did not influence steady
state, switching the limiting nutrient was only done after
another five residence times. The transition between the two
limitations was frequently sampled for OD and metabolite
data (HPLC). Sampling of the second steady state was per-
formed again after five residence times. Furthermore, during
the culture, dissolved oxygen, pH, stirrer rate, temperature,
airflow and oxygen and carbon dioxide content of the off-
gas were continuously logged. Two balances, one under the
influent and one under the effluent barrel, were coupled to
the system to allow precise measurement of the dilution rate.

2.3. Measurements. The sampling and measurement
methodologies used are described in [25].

2.4. Data Analysis. Due to the amount of data that had to be
combined for each experiment, a custom-made program was
written in Python using the SciPy scientific library [26, 27]
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to process the data and apply the algorithm as explained in
Section 3 (polynomial fitting, extracting the derivatives, and
calculating the fluxes).

Each point in the time series of the transient experiments
is only measured once. This is deemed sufficient, as nonsys-
tematical variations are smoothed out when approximating
the data with polynomials (as described in Section 3.2).
In this polynomial approximation, error propagation cal-
culations are not performed. For the MFA calculations,
however, a covariance matrix is needed. This matrix is
used to rescale the measurements so that fluxes that are
known to be inaccurate do not weight as much during the
data reconciliation as other, more trustworthy fluxes [1].
Therefore, a “mean” covariance matrix was calculated from
data presented in [25] and used for the MFA part of this
analysis. The experiments described therein are similar to
those performed for this publication (also using the same
equipment) and it is assumed that the utilised covariance
matrix is a good approximation of the real one. The standard
deviation flags in the figures are based on this covariance
matrix.

The MFA modelling was performed as described in [4],
although error analysis on the reconciliated fluxes was not
done. The model used is based on the one in [4] and is the
same metabolic model as described in [25]. It contains 136
reactions (Table 1) and 150 metabolites (Table 2), of which
12 are exchangeable. There are 142 independent equations
and 136+12 = 148 unknowns. Thus at least 6 measurements
have to be performed in order to fully solve the model. Ten
exchange metabolites were measured and used for solving
the stoichiometric models (CO2, O2, NH3, PiOH, acetate,
lactate, pyruvate, succinate, glucose, and biomass) giving 4
redundant measurements that can be balanced. The methods
for balancing measurements were initially developed for
black box models [1, 2, 28], but can easily be applied on
stoichiometric models [3, 4].

Although it is known that the biomass composition is
different under C- and N-limitation [29, 30], the same model
was used in both cases thus implying the same biomass
composition for cells grown under N- and C-limitation.
Limited testing showed that the influence of a different
protein content of the biomass on the flux fluctuations was
minimal.

3. Dynamic Metabolic Flux Analysis

3.1. DMFA: The Concept. In classical metabolic flux analysis,
the measured fluxes are obtained by quantification of the
metabolite concentrations in the reactor broth of a chemostat
culture. But what should be done under transient conditions?
Measurements of external metabolites cannot directly be
used for fluxes. Provost and Bastin [31] applied MFA to
the batch phase of the culture of Chinese Hamster Ovary
(CHO) cells. The time series of the measured metabolite
concentrations are approximated with a straight line, the
slope of which is a direct measure of the fluxes entering and
leaving the cells and is used to calculate internal reaction rates
via MFA.

This approach of Provost and Bastin [31] can be
formalised and extended. Instead of limiting oneself to cases
where a straight line is sufficient to adequately capture
the dynamics of the measured metabolites during the
transients, one can take the derivative in each point, without
approximating the whole interval with a straight line. This
derivative is, by definition, a flux.

The differential equation that governs the change of a
component in the reactor broth can be written as

dC
dt
= D(Cin − C) + rp, (1)

where C is the concentration of the component, Cin the
concentration of the component in the influent, rp the
production rate, and D the dilution rate.

From (1) the net reaction rate rp can be calculated using
the following approximation for the derivative in a point n of
the time series:

dC
dt

∣
∣
∣
∣
n
= Cn − Cn−1

tn − tn−1
. (2)

Eventually, more data around the working point might be
used to perform the linear regression. However, because
of the noisiness of the data, this approach does not give
satisfying results. Therefore, approximation techniques have
to be used. In this work, a polynomial approximation was
chosen.

3.2. Polynomial Fitting. The polynomial fitting algorithms
found in SciPy [26] were used to approximate the data. The
whole time series were covered by different polynomials. To
this end, a moving window approach was used (Figure 1).
The points inside the outer window, W1, are used for fitting
the polynomial. The derivatives of the polynomial in the
points of interest within in the inner window W2 are used
for dynamic MFA. Making the inner window smaller than
the outer window ensures a smooth transition between the
different polynomials. However, if the inner window is too
small compared to the outer window, the noise on the data is
not filtered sufficiently, yielding nonrealistic fluctuations in
the derivatives.

Some of the available data series were impossible to
smooth with polynomials. They behaved like a typical
logistic curve. Hence, the logistic curve was added to the set
of functions that could be used to approximate the data:

L(t) = p0
1 + p1ep3t

1 + p2ep3t
. (3)

The parameters W1 and W2 and the maximal degree of the
polynomials (or logistic curve) were manually selected by
visually inspection of the generated curves. The actual degree
of the polynomials could vary for each polynomial fitted
(thus the curve for a time series of a certain metabolite con-
sists of polynomials of different degrees chained together):
for each W1 window the polynomial giving the least amount
of outliers was selected. Data points were identified as
outliers when the difference between the measured value and
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Table 1: List of reactions used in the metabolic model.

Name of reaction The reaction

PGI: G6P ↔ F6P

PFK: ATP + F6P → ADP + FBP

ALD: FBP ↔ G3P + DHAP

TPI: DHAP ↔ G3P

G3PDH: PiOH + NAD + G3P ↔ NADH + H + BPG

PGK: ADP + BPG ↔ ATP+3PG

PGM: 3PG ↔2PG

ENO: 2PG ↔ H2O + PEP

PyrK: ADP + PEP → ATP + Pyr

PyrD: NAD + Pyr + CoA → NADH + H + AcCoA + CO2

CitSY: H2O + AcCoA + OAA → CoA + Cit

ACO: Cit ↔ iCit

CitDH: NAD + iCit ↔ NADH + H + CO2 + aKGA

AKGDH: NAD + CoA + aKGA → NADH + H + CO2 + SucCoA

SucCoASY: ADP + PiOH + SucCoA ↔ ATP + CoA + Suc

SucDH: FAD + Suc → FADH2 + Fum

FumHY: H2O + Fum ↔ Mal

MalDH: NAD + Mal ↔ NADH + H + OAA

PEPCB: H2O + PEP + CO2 → PiOH + OAA

LacDH: NADH + H + Pyr ↔ NAD + Lac

PFLY: Pyr + CoA → AcCoA + FA

AcKNLR: ADP + PiOH + AcCoA ↔ ATP + CoA + Ac

Resp: 1.33ADP + 1.33PiOH + NADH + H + 0.5O2 → 1.33ATP + NAD + 2.33H2O

H2CO3SY: H2O + CO2 ↔ H2CO3

G6PDH: NADP + G6P → NADPH + H + 6PGL

LAS: H2O + 6PGL → 6PG

PGDH: NADP + 6PG → NADPH + H + CO2 + Rl5P

PPI: Rl5P ↔ R5P

PPE: Rl5P ↔ Xu5P

TK1: R5P + Xu5P ↔ G3P + S7P

TA: G3P + S7P ↔ F6P + E4P

TK2: Xu5P + E4P ↔ F6P + G3P

PTS: GLC + PEP → G6P + Pyr

PPiOHHY: PPiOH + H2O → 2PiOH

GluDH: NADPH + H + aKGA + NH3 ↔ NADP + H2O + Glu

GluLI: ATP + NH3 + Glu → ADP + PiOH + Gln

AspSY: ATP + H2O + Asp + Gln → AMP + PPiOH + Asn + Glu

AspTA: OAA + Glu ↔ aKGA + Asp

AlaTA: Pyr + Glu ↔ aKGA + Ala

ValAT: aKIV + Glu ↔ aKGA + Val

LeuSYLR: NAD + H2O + AcCoA + aKIV + Glu → NADH + H + CoA + CO2 + aKGA + Leu

aKIVSYLR: NADPH + H + 2Pyr → NADP + H2O + CO2 + aKIV

IleSYLR: NADPH + H + Pyr + Glu + Thr → NADP + H2O + CO2 + aKGA + NH3 + Ile

ProSYLR: ATP + 2NADPH + 2H + Glu → ADP + PiOH + 2NADP + H2O + Pro

SerLR: NAD + H2O + 3PG + Glu → PiOH + NADH + H + aKGA + Ser

SerTHM: Ser + THF → H2O + Gly + MeTHF

H2SSYLR:
2ATP + 3NADPH + ThioredH2 + 3H + H2SO4 → ADP + PPiOH + 3NADP + Thiored + 3H2O
+H2S + PAP

PAPNAS: H2O + PAP → AMP + PiOH
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Table 1: Continued.

Name of reaction The reaction

CysSYLR: H2S + AcCoA + Ser → CoA + Cys + Ac

PrppSY: ATP + R5P → AMP + PRPP

HisSYLR: ATP + 2NAD + 3H2O + Gln + PRPP → 2PPiOH + PiOH + 2NADH + 2H + aKGA + His + AICAR

PheSYLR: Glu + Chor → H2O + CO2 + aKGA + Phe

TyrSYLR: NAD + Glu + Chor → NADH + H + CO2 + aKGA + Tyr

TrpSYLR: Gln + Ser + Chor + PRPP → PPiOH + 2H2O + G3P + Pyr + CO2 + Glu + Trp

DhDoPHepAD: H2O + PEP + E4P → PiOH + Dahp

DhqSY: Dahp → PiOH + Dhq

DhsSYLR: Dhq → H2O + Dhs

ShiSY: NADPH + H + Dhs ↔ NADP + Shi

ShiKN: ATP + Shi → ADP + Shi3P

ChorSYLR: PEP + Shi3P → 2PiOH + Chor

ThrSYLR: ATP + H2O + HSer → ADP + PiOH + Thr

MDAPSYLR: NADPH + H + Pyr + SucCoA + Glu + AspSA → NADP + CoA + aKGA + Suc + MDAP

LysSY: MDAP → CO2 + Lys

MetSYLR: H2O + SucCoA + Cys + MTHF + HSer → Pyr + CoA + Suc + NH3 + Met + THF

AspSASY: ATP + NADPH + H + Asp → ADP + PiOH + NADP + AspSA

HSerDH: NADPH + H + AspSA ↔ NADP + HSer

CarPSY: 2ATP + H2O + H2CO3 + Gln → 2ADP + PiOH + Glu + CarP

OrnSYLR: ATP + NADPH + H + H2O + AcCoA + 2Glu → ADP + PiOH + NADP + CoA + aKGA + Orn + Ac

ArgSYLR: ATP + Asp + Orn + CarP → AMP + PPiOH + PiOH + Fum + Arg

ThioredRD: NADPH + Thiored + H ↔ NADP + ThioredH2

H2O2ox: 2H2O2 → 2H2O + O2

FAD2NAD: NAD + FADH2 ↔ NADH + FAD + H

AICARSYLR:
6ATP + 3H2O + CO2 + Asp + 2Gln + Gly + FA + PRPP → 6ADP + PPiOH + 6PiOH + Fum
+2Glu + AICAR

IMPSYLR: FTHF + AICAR → H2O + THF + IMP

AMPSYLR: Asp + GTP + IMP → AMP + PiOH + Fum + GDP

AdKN: ATP + AMP ↔ 2ADP

ADPRD: ADP + ThioredH2 → Thiored + H2O + dADP

dADPKN: ATP + dADP → ADP + dATP

IMPDH: NAD + H2O + IMP → NADH + H + XMP

GMPSY: ATP + H2O + Gln + XMP → AMP + PPiOH + Glu + GMP

GuKN: ATP + GMP → ADP + GDP

GDPKN: ATP + GDP → ADP + GTP

GDPRD: ThioredH2 + GDP → Thiored + H2O + dGDP

dGDPKN: ATP + dGDP → ADP + dGTP

UMPSYLR: O2 + Asp + PRPP + CarP → PPiOH + PiOH + H2O + CO2 + UMP + H2O2

UrKN: ATP + UMP → ADP + UDP

UDPKN: ATP + UDP → ADP + UTP

CTPSY: ATP + H2O + Gln + UTP → ADP + PiOH + Glu + CTP

CDPKN: ATP + CDP ↔ ADP + CTP

CMPKN: ATP + CMP → ADP + CDP

CDPRD: ThioredH2 + CDP → Thiored + H2O + dCDP

dCDPKN: ATP + dCDP → ADP + dCTP

UDPRD: ThioredH2 + UDP → Thiored + H2O + dUDP
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Table 1: Continued.

Name of reaction The reaction

dUDPKN: ATP + dUDP → ADP + dUTP

dUTPPPAS: H2O + dUTP → PPiOH + dUMP

dTMPSY: MeTHF + dUMP → DHF + dTMP

dTMPKN: ATP + dTMP → ADP + dTDP

dTDPKN: ATP + dTDP → ADP + dTTP

DHFRD: NADPH + H + DHF → NADP + THF

FTHFSYLR: NADP + H2O + MeTHF → NADPH + H + FTHF

GlyCA: NAD + Gly + THF ↔ NADH + H + CO2 + NH3 + MeTHF

MeTHFRD: NADH + H + MeTHF → NAD + MTHF

AcCoACB: ATP + H2O + AcCoA + CO2 ↔ ADP + PiOH + MalCoA

MalCoATA: MalCoA + ACP ↔ CoA + MalACP

AcACPSY: MalACP → CO2 + AcACP

C120SY: 10NADPH + 10H + AcACP + 5MalACP → 10NADP + 5H2O + 5CO2 + C120ACP + 5ACP

C140SY: 12NADPH + 12H + AcACP + 6MalACP → 12NADP + 6H2O + 6CO2 + C140ACP + 6ACP

C160SY: 14NADPH + 14H + AcACP + 7MalACP → 14NADP + 7H2O + 7CO2 + C160ACP + 7ACP

C181SY: 15NADPH + 15H + AcACP + 8MalACP → 15NADP + 8H2O + 8CO2 + C181ACP + 8ACP

AcylTF: C160ACP + C181ACP + Go3P → 2ACP + PA

Go3PDH: NADPH + H + DHAP ↔ NADP + Go3P

DGoKN: ATP + DGo → ADP + PA

CDPDGoSY: CTP + PA ↔ PPiOH + CDPDGo

PSerSY: Ser + CDPDGo → CMP + PSer

PSerDC: PSer → CO2 + PEthAn

GlnF6PTA: F6P + Gln → Glu + GA6P

GlcAnMU: GA6P ↔ GA1P

NAGUrTF: AcCoA + UTP + GA1P → PPiOH + CoA + UDPNAG

LipaSYLR:
ATP + 2CMPKDO + 2UDPNAG + C120ACP + 5C140ACP → ADP + 2CMP + UMP + UDP
+6ACP + Lipa + 2Ac

A5PIR: Rl5P ↔ Ar5P

PGLCMT: G6P ↔ G1P

CMPKDOSYLR: 2H2O + PEP + Ar5P + CTP → PPiOH + 2PiOH + CMPKDO

ADPHEPSY: ATP + S7P → PPiOH + ADPHEP

UDPGlcSY: G1P + UTP → PPiOH + UDPGlc

EthANPT: CMP + PEthAn ↔ CDPEthAn + DGo

LpsSYLR: 3ADPHEP+3CMPKDO+2UDPGlc+Lipa+2CDPEthAn → 3ADP+3CMP+2CDP+2UDP+Lps

PGSYLR: Go3P + CDPDGo → PiOH + CMP + PG

CLSY: PG + CDPDGo → CMP + CL

PeptidoSYLR:
5ATP + NADPH + H + PEP + 3Ala + MDAP + 2UDPNAG → 5ADP + 7PiOH + NADP + UMP+
UDP + Peptido

GlcgSY: ATP + G1P → ADP + PPiOH + Glcg

ATPHY: ATP + H2O → ADP → PiOH

DNASYLR: 2H2O + 0.246dATP + 0.254dGTP + 0.254dCTP + 0.246dTTP → 2PiOH + DNA

RNASYLR: 0.262ATP + 2H2O + 0.322GTP + 0.2CTP + 0.216UTP → 2PiOH + RNA

ProtSYLR:

2ATP + 3H2O + 0.0961Ala + 0.05506Arg + 0.04505Asn + 0.04505 Asp + 0.01702Cys +
0.04905Gln + 0.04905Glu + 0.1151 Gly + 0.01802 His + 0.05405 Ile + 0.08408 Leu + 0.06406 Lys +
0.02903 Met + 0.03504Phe + 0.04104 Pro + 0.04004 Ser + 0.04705 Thr + 0.01101Trp +
0.02603Tyr + 0.07908Val + 2GTP → 2ADP + 4 PiOH + 2GDP + Prot

LipidSYLR: 0.0266CL + 0.202PG + 0.7714PEthAn → Lipid

BiomSYLR:
0.004561Glcg + 0.0002663 Lps + 0.0008933Peptido + 0.002291DNA + 0.01446RNA +
0.1227 Prot + 0.003642 Lipid → Biom
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Table 2: List of metabolites used in the metabolic model.

Metabolite Molecular formula Full name

2PG C3H7O7P 2-phophoglycerate

3PG C3H7O7P 3-phophoglycerate

6PG C6H13O10P 6-phosphogluconate

6PGL C6H11O9P 6-phosphogluconolactone

Ac C2H4O2 Acetate

AcACP C2H3OPept Acetyl ACP

AcCoA C23H34O17N7P3S Acetyl CoA

ACP HPept Acyl carrier protein

ADP C10H15O10N5P2 Adenosine diphosphate

ADPHEP C17H27O16N5P2 ADP-Mannoheptose

AICAR C9H15O8N4P Amino imidazole carboxamide ribonucleotide

aKGA C5H6O5 Alpha ketoglutaric acid

aKIV C5H8O3 Alpha-keto-isovalerate

Ala C3H7O2N Alanine

AMP C10H14O7N5P Adenosine monophosphate

Ar5P C5H11O8P Arabinose-5-phosphate

Arg C6H14O2N4 Arginine

Asn C4H8O3N2 Aspartate

Asp C4H7O4N Asparagine

AspSA C4H7O3N Aspartate semialdehyde

ATP C10H16O13N5P3 Adenosine triphosphate

Biom CH1.63O0.392N0.244P0.021S0.00565 Biomass

BPG C3H8O10P2 1-3-biphosphoglycerate

C120ACP C12H23OPept

C140ACP C14H27OPept

C160ACP C16H31OPept

C181ACP C18H33OPept

CarP CH4O5NP Carbamoyl phosphate

CDP C9H15O11N3P2 Citidine diphosphate

CDPDGo C46H83O15N3P2 CDP-diacylglycerol

CDPEthAn C11H20O11N4P2 CDP-ethanolamine

Chor C10H10O6 Chorismate

Cit C6H8O7 cisaconitate

CL C77H144O16P2 Cardiolipin

CMP C9H14O8N3P Citidine monophosphate

CMPKDO C17H26O15N3P CMP-2-keto-3-deoxyoctanoate

CO2 CO2 Carbon dioxide

CoA C21H32O16N7P3S Coenzyme A

CTP C9H16O14N3P3 Citidine triphosphate

Cys C3H7O2NS Cysteine

dADP C10H15O9N5P2 deoxy ADP

Dahp C7H13O10P Deoxy arabino heptulosonate

dATP C10H16O12N5P3 deoxy ATP

dCDP C9H15O10N3P2 deoxy CDP

dCTP C9H16O13N3P3 deoxy CTP

dGDP C10H15O10N5P2 deoxy GDP

DGo C37H70O5 Diacyl glycerol

dGTP C10H16O13N5P3 deoxy GTP

DHAP C3H7O6P Dihydroxyaceton phosphate

DHF C19H21O6N7 Dihydrofolate
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Table 2: Continued.

Metabolite Molecular formula Full name

Dhq C7H10O6 Dehydroquinate

Dhs C7H8O5 Dehydroshikimate

DNA C9.75H14.2O7N3.75P DNA composition

dTDP C10H16O11N2P2 deoxy TDP

dTMP C10H15O8N2P deoxy TMP

dTTP C10H17O14N2P3 deoxy TTP

dUDP C9H14O11N2P2 deoxy UDP

dUMP C9H13O8N2P deoxy UMP

dUTP C9H15O14N2P3 deoxy UTP

E4P C4H9O7P Erythrose-4-phosphate

F6P C6H13O9P Fructose-6-phosphate

FA CH2O2 Formic Acid

FAD C27H33O15N9P2 Flavine adeninen dinucleotide

FADH2 C27H35O15N9P2

FBP C6H14O12P2 Fructose-1-6-biphosphate

FTHF C20H23O7N7 Formyl tetrahydrofolate

Fum C4H4O4 Fumarate

G1P C6H13O9P Glucose-1-phosphate

G3P C3H7O6P Glyceraldehyde-3-phosphate

G6P C6H13O9P Glucose-6-phosphate

GA1P C6H14O8NP D-glucosamine-6-phosphate

GA6P C6H14O8NP Glucose-6-phosphate

GDP C10H15O11N5P2 Guanosine diphosphate

GLC C6H12O6 Glucose

Glcg C6H10O5 Glycogen

Gln C5H10O3N2 Glutamine

Glu C5H9O4N Glutamate

Gly C2H5O2N Glycine

GMP C10H14O8N5P Guanosine monophosphate

Go3P C3H9O6P Glycerol-3-phosphate

GTP C10H16O14N5P3 Guanosine triphosphate

H H+ Hydrogene

H2CO3 CH2O3 Bicarbonate

H2O H2O Water

H2O2 H2O2

H2S H2S Hydrogene sulde

H2SO4 H2O4S Sulfuric acid

His C6H9O2N3 Histidine

HSer C4H9O3N Homoserine

iCit C6H8O7 Isocitrat

Ile C6H13O2N Isoleucine

IMP C10H13O8N4P Inosine monophosphate

Lac C3H6O3 Lactate

Leu C6H13O2N Leucine

Lipa C110H196O32N2P2 Lipid A

Lipid C40.2H77.6O8.41N0.771P1.03 Lipid composition

Lps C171H298O81N4P2 Lipo Poly saccharide

Lys C6H14O2N2 Lysine

Mal C4H6O5 Malate

MalACP C3H3O3Pept Malonyl ACP

MalCoA C24H34O19N7P3S Malonyl CoA
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Table 2: Continued.

Metabolite Molecular formula Full name

MDAP C7H14O4N2 Meso-diaminopimelate

Met C5H11O2NS Methionine

MeTHF C20H23O6N7 Methylene tetrahydro folate

MTHF C20H25O6N7 Methyl tetrahydrofolate

NAD C21H28O14N7P2
+ Nicotinamide adenine dinucleotide

NADH C21H29O14N7P2

NADP C21H28O17N7P3
+ Nicotinamide adenine dinucleotide phosphate

NADPH C21H29O17N7P3

NH3 H3N Ammonia

O2 O2 Oxygen

OAA C4H4O5 Oxaloacetate

Orn C5H12O2N2 Ornithine

PA C37H71O8P Phosphatidyl acid

PAP C10H15O10N5P2 Phospho adenosine phosphate

PEP C3H5O6P Phosphoenolpyruvate

Peptido C35H53O16N7 Peptidoglycan

PEthAn C39H76O8NP Phosphatidyl ethanolamine

PG C40H75O9P Phosphatidyl glycerol

Phe C9H11O2N Phenylalanine

PiOH H3O4P Phosphate

PPiOH H4O7P2 Pyrophosphate

Pro C5H9O2N Proline

Prot C4.8H7.67O1.4N1.37S0.046 Protein composition

PRPP C5H13O14P3 5-phospho-alpha-D-ribosyl-1-pyrophosphate

PSer C40H76O10NP Phosphatidyl Serine

Pyr C3H4O3 Pyruvate

R5P C5H11O8P Ribose-5-phosphate

Rl5P C5H11O8P Ribulose-5-phosphate

RNA C9.58H13.8O7.95N3.95P RNA composition

S7P C7H15O10P Sedoheptulose-7-phosphate

Ser C3H7O3N Serine

Shi C7H10O5 Shikimate

Shi3P C7H11O8P Shikimate-3-phosphate

Suc C4H6O4 Succinate

SucCoA C25H36O19N7P3S Succinyl CoA

THF C19H23O6N7 Tetrahydrofolate

Thiored Pept Thioredoxin

ThioredH2 H2Pept Reduced thioredoxin

Thr C4H9O3N Threonine

Trp C11H12O2N2 Tryptophan

Tyr C9H11O3N Tyrosine

UDP C9H14O12N2P2 Uridine diphosphate

UDPGlc C15H24O17N2P2 UDP glucose

UDPNAG C17H27O17N3P2 UDP N-acetyl glucosamine

UMP C9H13O9N2P Uridine monophosphate

UTP C9H15O15N2P3 Uridine triphosphate

Val C5H11O2N Valine

XMP C10H13O9N4P Xanthosine-5-phosphate

Xu5P C5H11O8P Xylulose-5-phosphate
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Figure 1: A moving window is run through a time series of data.W1

is the polynomial fitting window, W2 is the interpolation window.

D1
D2

b

a

Figure 2: Two ways of estimating the derivative in point a: D1 is
calculated by symbolically deriving the function in point a; D2 is
the slope between point a and point b (where a and b are calculated
from the curve). Dots represent sample points through which a
curve is fitted.

Table 3: Parameters for the polynomial fitting of the different
time series. W1 is expressed in fraction of the time between the
first measurement and the last measurement. W2 is expressed as a
fraction of W1. PD is the highest degree a polynomial may have; an
L is displayed if the data were fitted to a logistic curve.

C→N limitation N→C limitation

W1 W2 PD W1 W2 PD

GLC 0.40 0.87 5 0.35 0.45 3

NH3 0.50 0.80 2 1 1 L

PiOH 0.70 0.75 5 0.45 0.80 4

O2 0.18 0.90 7 0.11 0.90 7

CO2 0.12 0.90 4 0.12 0.90 7

Ac 0.70 0.88 5 0.15 0.70 3

Lac 1 1 7 0.41 0.80 7

Pyr 0.40 0.80 6 1 1 L

Suc 0.40 0.80 6 0.82 0.99 5

Biomass 0.50 0.70 8 0.37 0.80 4

the estimated value was larger than 5% of the range of the
response variable. Table 3 summarized the fitting parameters
used for each metabolite.

The polynomial or logistic functions yield a smoothed
time profile of the concentrations and enable to calculate
the derivative of the concentrations to time. However, when
calculating this derivative directly by symbolically deriving
the function and filling in the time for the point of interest,
one sometimes obtains unrealistically high values (D1 in
Figure 2). Therefore, the derivative was approximated by

taking the slope of the point of interest and the previous
point on the polynomial (D2 in Figure 2).

The derivative can subsequently be used in (1) to
calculate the cellular production (or consumption) fluxes:

rp = dC
dt
−D(Cin − C). (4)

Once rp has been calculated, classical MFA techniques (as
described in [4]) can be applied at each time point. The
results of those models, evaluated at the different time points,
can then be combined to obtain a time profile of internal
fluxes.

3.3. Growth Rate Calculation. During the transient period,
the assumption that the growth rate is equal to the dilution
rate does not hold. However, (4) can explicitly be rewritten
for the following biomass:

rp,Biom = dCBiom

dt
+DCBiom (5)

from which the growth rate can be calculated as

μ = rp,Biom

CBiom
= dCBiom

dt
1

CBiom
+D. (6)

4. Results

4.1. Polynomial Fitting. The polynomials fitted through the
data (Figures 3 and 4) are used to obtain the concentration,
C, and the derivative of the concentration to the time, dC/dt,
in each point. From those values, the conversion rate can
be calculated (4). Biomass concentrations were calculated
from OD values, after generating a calibration curve between
cell dry weight (CDW) and OD values. This calibration
curve was generated at the end of each experiment. As the
curves for both experiments were very close to each other, no
distinct calibration was used for the C-limited and N-limited
conditions.

The steady state concentration of NH3 during N-
limitation in the C- to N-limitation experiment is around
0.2 g/L (data are not shown on Figure 3, as this value falls
out the time frame shown), while it is 0.1 g/L in the N
to C-limitation case. These values are high compared to
what is found in the literature for the residual nitrogen
concentration in similar strains [29] and the nitrogen
measurement kit used is probably not suitable for accurately
measuring very low NH3 concentrations.

4.2. Growth Rate and Biomass Production. At time zero,
the influent medium was simply switched. No cells were
extracted and resuspended in the other medium, as done
in [32]. Thus at the switch of the limiting compound, there
is an abundance of both, as the medium limited in carbon
is saturated with nitrogen while the medium limited in
nitrogen is saturated with glucose. In the C to N-limitation
experiment, it seems as if N-limitation is reached not much
later than when carbon abundance starts (Figure 3). In the
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Figure 3: Polynomial fit of some metabolites (expressed in g/L) for the experiment where carbon-limiting medium was replaced with
nitrogen-limiting medium. The switch is made at time zero, when the cells are in carbon-limited steady state. Steady state values of five
residence times before the switch and five residence times after the switch are not shown.

N to C-limitation case, nitrogen abundance is reached before
all the glucose is depleted: after 5 hours, both glucose and
nitrogen are not limiting. This can be seen in Figure 4, in
the glucose profile. The glucose concentration becomes only
zero after 12 hours while the nitrogen concentration already
reaches steady state after 5 hours. At the medium switch,
as there is excess nitrogen, the growth rate could increase,
but apparently E. coli needs some time to adapt to the new
conditions. The biomass flux even decreases as nitrogen is
added and becomes almost zero (top of Figure 5). Only seven
hours after the medium switch, the growth rate increases
sharply to attain almost 0.6 h−1 (right part of Figure 5). This
increased growth rate coincides with the uptake of all glucose
left in the broth (Figure 4).

Figure 5 depicts the different growth rates during the
transient conditions occurring when switching the limiting
substrate. The same trends as in the biomass flux (top of
Figure 5) can be observed. For the C- to N-limitation case,
a sharp increase in growth rate is observed in the beginning,
while for the N- to C-limitation the growth rate decreases
to almost zero before increasing to 0.6 h−1, not far from the
maximal growth rate of 0.7 h−1. In the carbon to nitrogen-
limitation case, the maximal possible growth rate is never
achieved and after a sharp increase in the beginning to
0.35 h−1 the growth rate decreases.

The sharp increase in growth rate of the cells at the
beginning of the medium switch in the C- to N-limitation
experiment (left part of Figure 5) is not accompanied by an
increased flux through the Krebs cycle (Figure 8, the first

hour after the steady state point, labeled with a triangle).
An increase in biomass flux does not imply that intracellular
fluxes relative to the biomass flux should increase as well.
On the contrary, in the beginning the cells are more energy-
efficient than during the carbon-limited steady state (left
subfigure of Figure 7 shows that the ATP hydrolysis flux
relative to the biomass flux is lower in the beginning implying
that the maintenance energy requirement is lower). However,
very quickly the flux through the glycolysis increases.

During the switch of limiting substrate from carbon to
nitrogen, less oxygen is consumed and less CO2 is produced
than during steady state (Figure 6). In the beginning of the
medium switch, a sharp decline in O2 consumption and CO2

production is observed. This correlates with the increased
growth rate and biomass production rate (Figure 5). For
the experiment where nitrogen limitation is switched to
carbon limitation, two parts can be observed: in the first
period (until five hours), the O2 consumption rate and
CO2 production rate increase. Then they suddenly decrease
(around 7 hours), to steadily increase again until they reach
the steady state level. In both experiments, the steady state
value of oxygen consumption and carbon dioxide produc-
tion is around 16 g/mol Biomass/h. This is in accordance
with values obtained with a similar strain [4].

The ATP hydrolysis reaction (Figure 7) lumps all the
maintenance requirements and futile cycles (as including
all the futile cycles in the metabolic model would yield
parallel pathways and the system of equations would not be
solvable without measuring intracellular fluxes). It can be
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Figure 4: Polynomial fit of some metabolites (expressed in g/L) for the experiment where nitrogen-limiting medium was replaced with
carbon-limiting medium. The switch is made at time zero, when the cells are in nitrogen-limited steady state. Steady state values of five
residence times before the switch and five residence times after the switch are not shown.

seen that during the lag phase of the experiment switching
nitrogen to carbon-limitation (right part of Figure 7), the
ATP maintenance requirement is around 0.6 mol ATP/mol
Biom/h, which is high compared to the values found in a
similar E. coli [4]. It seems even more unusually high because
there is minimal growth during this period. This high ATP
requirement in the beginning of the lag phase correlates with
a high uptake of glucose (PTS reaction in Figure 9) and an
increased flux in the TCA cycle (Figure 9). The somewhat
higher steady state ATP flux at the end of the C- to N-
limitation (left part of Figure 7) may be due to multiple
physiological steady states [33].

4.3. Central Carbon Metabolism. During the transient in
the C- to N-limitation experiment, the fluxes through the
glycolysis increase while those through the Krebs cycle
decrease. Also an increase in acetate excretion is observed
(Figure 8). The opposite is observed in the N- to C-
limitation experiment: fluxes through the glycolysis and
acetate production decrease while the fluxes through the
Krebs cycle increase (Figure 9). The decrease is not linear: at
15 hours the fluxes through the glycolysis reach a minimum
to increase again until the steady state values are obtained
after the subsequent 5 hours. In the Krebs cycle, the fluxes
gradually increase the first five hours (coinciding with the
lag phase observed in the biomass production, Figure 5) after
which a sharp decline is observed, immediately followed by
a gradual increase, peaking at around 15 hours, and then
decrease to steady state level. The succinate flux sharply
decreases in the beginning of the switch to gradually increase

during the lag phase (5 hours) at which point it reaches a
value that does not change anymore. The PEPCB flux, which
is responsible for replenishing to the Krebs cycle, follows
(or predates) this succinate excretion rate. The excretion of
pyruvate decreases during the lag phase and then sharply
increases again to reach a lower steady state than under N
limitation.

The pentose phosphate pathway is entirely driven by
the demands in biomass components, and as each flux is
expressed relatively to the biomass, to remove the influence
of biomass on the flux values, the fluxes of the pentose phos-
phate pathway do not change, which results in seemingly
huge error bars.

5. Discussion

5.1. Fluxes. When going from an nitrogen-limited medium
to a carbon-limited one, a lag phase was observed (Figure 5).
A hypothesis could be that when more nitrogen becomes
available, the cell starts to break down the accumulated
glycogen which is redirected to energy metabolism for
protein production. As the biomass composition is assumed
to be constant in the model, this increased respiration is
measured in the off-gas (O2 and CO2 fluxes, Figure 6) and
propagated in the model to the ATPHY flux (Figure 7).
However, the question remains why the cell would degrade
glycogen while there is still plenty of carbon available in
the environment. Furthermore, the carbon balance data (not
shown) do not reflect an increase in carbon output compared
to the carbon input.
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Figure 5: Fluxes in mol/L/h of the biomass production. Open symbols are the values as derived from the polynomials with formula 4; closed
symbols are values obtained after flux balancing (top). The growth rate in 1/h of the cells during the transients (bottom). Left: C-limitation
to N-limitation; right: N-limitation to C-limitation. The first point left of each figure is the steady state value before the medium switch. The
last point right on each figure is the steady state value after at least 50 hours. Error bars represent the standard deviations.

Another explanation is that ammonia abundance for
cells previously grown under ammonia limiting conditions
causes a futile cycle of ammonia import and export. Such
cycles have been described previously in micro-organisms,
although not under the experimental conditions described
in this work [34]. Normally bacterial cells are highly resistant
to ammonium, and the negative effects of high NH+

4 con-
centrations are due to an enhanced osmolarity or increased
ionic strength of the medium and not caused by ammonium
itself [35]. But when changing the medium from nitrogen-
limitation to carbon-limitation, the environment of the
bacteria switches from low NH+

4 concentrations to high
ones, and it could be that E. coli needs a certain adaptation
period. The scavenging active during N-limitation could still
be active in the beginning of the transition, resulting in a
high influx of ammonia. To counter this, active efflux is
needed, draining ATP and explaining the high energetic cost

in the beginning of the addition of ammonium (right part of
Figure 7).

Such a mechanism has been observed in plants, where
NH+

4 toxicity is due to the inability of root cells to limit the
influx of ammonium. The high cytosolic NH+

4 concentration
activates the high-capacity and energy demanding ammo-
nium efflux systems. This ammonium efflux can constitute
as much as 80% of primary influx, resulting in a futile
cycle of nitrogen across the plasma membrane of root cells.
This futile cycle imposes a high energetic cost on the cell
that is independent of N metabolism and is accompanied
by a decline in growth. Plants that are resistant to high
ammonium concentrations (e.g., Oriza sativa) limit the
influx of ammonium by lowering the polarisation of the
cellular membrane. This lowering of membrane polarisation
is not observed in Hordeum vulgare, sensitive to ammonium
[36].
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Figure 6: Amount of oxygen consumed (top) and carbon dioxide produced (bottom). Left: C-limitation to N-limitation; right: N-limitation
to C-limitation. The first point left of each figure is the steady state value before the medium switch. The last point right on each figure is the
steady state value after at least 50 hours. Error bars represent the standard deviations.

The lack of growth resulting from adding ammonium
to cells that are adapted to ammonium limitation has pre-
viously only been observed in cells lacking glnE (giving the
gene product ATase, responsible for activating/inactivating
glutamine synthetase) while the wild-type E. coli did not
show an impaired growth when shifted from ammonium
limitation to excess [37, 38]. Furthermore, the lack of growth
in glnE mutants could be alleviated in cells constitutively
expressing only low levels of glutamine synthetase [37],
suggesting that the toxicity of ammonium in this case is
not due to NH+

4 itself, but maybe to accumulation of
glutamine and/or glutamate. Normally, when shifting from
ammonium limitation to carbon-limitation, the amount of
active glutamine synthetase decreases instantly [39]. Possibly
due to the lack of ATase, the enzymatic glutamine synthetase
regulation is lost, and only genetic regulation is present. If
this would be the case for the strain used in this study, it could
explain the long lag phase after the medium switch. The cells

survive until enough glutamine synthetase is degraded before
they are able to grow again.

Thus it seems as E. coli MG1655, the strain used in
this study, has some anomalies in its nitrogen metabolism.
It is known that multiple strains are denominated under
this name [40]. The strain used in this work originated
from the Coli Genetic Stock Center (CGSC) (personal
communications from the Netherlands Culture Collection of
Bacteria). The NCCB acquired this strain from CGSC prior
to 1991. At that time, the strain was sent out as being f nr− .
Later it was found that the strain was a mixture of f nr+ and
f nr− strains (personal communication from Mary Berlyn).
For the experiments in this work, it turned out that the f nr−

strain was used. More research is needed to find out why this
strain does not grow well when NH+

4 is added to a nitrogen-
limiting environment.

The lag phase found in the N-limitation to C-limitation
experiment stands in sharp contrast with the experiment
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Figure 7: Fluxes through the ATP hydrolysis reaction (ATPHY reaction): it can be considered as a measure for the maintenance requirement
of the cells, as it combines all the futile cycles and ATP hydrolysed in nonspecific reactions. Left: C-limitation to N-limitation; right: N-
limitation to C-limitation. The first point left of each figure is the steady state value before the medium switch. The last point right on each
figure is the steady state value after at least 50 hours. Error bars represent the standard deviations.

in which the carbon-limiting medium is replaced with the
nitrogen-limiting one and thus carbon is added in the begin-
ning of the switch while nitrogen is not yet limiting. The
growth rate increases instantly (top of Figure 5). Death and
Ferenci [41] demonstrated that during carbon-limitation,
sugar regulons are upregulated by internally synthesised
sugars. Lequeux et al. [4] observed that under glucose
limitation ptsG is upregulated. The results of the experiments
described here show that this up-regulation permits the cells
to almost instantly increase their growth rate when carbon is
added to a carbon-limited culture. The cells grow as fast as
possible, until all nitrogen is consumed and thus the glucose
concentration in the reactor broth increases around the same
time as the nitrogen decreases (Figure 3).

Hence the peak of succinate (and the smaller peak of
pyruvate) occurring around 5 hours after the medium switch
(Figure 8) could be due to the depletion of ammonium
(Figure 3). The high flux through the glycolysis is not
stopped quickly enough and the carbon is excreted as
pyruvate or diverted to PEPCB to be excreted as succinate.

5.2. Dynamic MFA. The extension of metabolic flux analysis
to allow to predict also intracellular fluxes for cells growing
under nonsteady state conditions was successfully applied to
transient cultures. As raw measurement data are too noisy,
smoothing had to be performed prior to the calculation of
the exchange rates, needed for solving the metabolic model.
An improvement for this smoothing process would be to
incorporate more than two points in the calculation of the
derivative, to avoid steep derivatives (and thus unrealistic
fluxes) caused by the quirks of the higher-order polynomials.

A possible improvement to the model is to allow fluc-
tuations of the biomass composition. However, this should
be accompanied with the appropriate measurements such
as protein, RNA, DNA, lipid... content of the biomass. The

biomass reaction can then be removed from the model and
instead the different biomass compounds can be considered
as excreted by the cell.

6. Conclusion

This work introduced the concept of dynamic metabolic flux
analysis. We demonstrated how to transform extracellular
measurement data from dynamic experiments to flux values.
It is not always clear in transient experiments whether the
decrease in concentration of the extracellular metabolites
is due to the cells stopping production and the remaining
product diluting out or whether the cells are actively taking
up the metabolites. Transforming the extracellular time
series of concentrations to flux values can give the answer to
that question. Furthermore, those flux values can help to get
insight into the intracellular reactions.

The transformation of time series of concentration
measurements to flux values is based on differentiation (in
the mathematical sense: finding the derivative) of those time
series. Differentiation typically amplifies the noise on the
data; therefore a noise-reducing step is needed prior to the
differentiation. In this work, this was done by polynomial
filtering. Selecting the right parameters for this filtering was
done manually and produced satisfying results for the case
presented. However, a statistically more sound approach may
be desirable.

We subsequently applied dynamic metabolic flux analysis
on E. coli cultures in which the limiting compound in the
medium was changed from nitrogen to glucose or from
glucose to nitrogen.

A lag phase occurred when cells adapted to a nitrogen-
limiting environment were supplied with nitrogen. During
this lag phase of several hours, the ATP demand was high. No
clear physiological reason could be given. The only similar
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case described in literature for E. coli is a glnE knock out,
in which case the toxicity was not due to ammonium itself,
but to the accumulation of glutamine/glutamate because the
down-regulation of glutamine synthetase is not operative
(glutamine synthetase is down-regulated by the gene product
of glnE). A possible explanation for the long lag phase
observed in the N-to-C-limitation experiment could be that
sufficient glutamine synthetase has to be degraded so that
the accumulation of glutamine/glutamate does not impair
growth anymore.

No lag phase occurred when supplying cells adapted
to carbon limitation, with carbon. Instead the growth rate
increased immediately. However, the highest growth rates
were attained in the N to C-limitation experiment and not
in the C- to N-limitation one.
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[16] D. Segrè, D. Vitkup, and G. M. Church, “Analysis of optimality
in natural and perturbed metabolic networks,” Proceedings
of the National Academy of Sciences of the United States of
America, vol. 99, no. 23, pp. 15112–15117, 2002.

[17] J. M. Lee, E. P. Gianchandani, J. A. Eddy, and J. A. Papin,
“Dynamic analysis of integrated signaling, metabolic, and
regulatory networks,” PLoS Computational Biology, vol. 4, no.
5, Article ID e1000086, 2008.

[18] A. Buchholz, J. Hurlebaus, C. Wandrey, and R. Takors,
“Metabolomics: quantification of intracellular metabolite
dynamics,” Biomolecular Engineering, vol. 19, no. 1, pp. 5–15,
2002.

[19] A. Hoque, H. Ushiyama, M. Tomita, and K. Shimizu,
“Dynamic responses of the intracellular metabolite concen-
trations of the wild type and pykA mutant Escherichia coli
against pulse addition of glucose or NH3 under those limiting
continuous cultures,” Biochemical Engineering Journal, vol. 26,
no. 1, pp. 38–49, 2005.

[20] J. Schaub, K. Mauch, and M. Reuss, “Metabolic flux analysis in
Escherichia coli by integrating isotopic dynamic and isotopic
stationary 13C labeling data,” Biotechnology and Bioengineer-
ing, vol. 99, no. 5, pp. 1170–1185, 2008.

[21] A. Novick and L. Szilard, “Description of the chemostat,”
Science, vol. 112, no. 2920, pp. 715–716, 1950.

[22] G. Lidén, “Understanding the bioreactor,” Bioprocess and
Biosystems Engineering, vol. 24, no. 5, pp. 273–279, 2001.

[23] M. Zinn, B. Witholt, and T. Egli, “Dual nutrient limited
growth: models, experimental observations, and applications,”
Journal of Biotechnology, vol. 113, no. 1-3, pp. 263–279, 2004.

[24] T. Egli, “On multiple-nutrient-limited growth of microorgan-
isms, with special reference to dual limitation by carbon and



Journal of Biomedicine and Biotechnology 19

nitrogen substrates,” Antonie van Leeuwenhoek, vol. 60, no. 3-
4, pp. 225–234, 1991.

[25] M. De Mey, G. J. Lequeux, J. J. Beauprez et al., “Comparison of
different strategies to reduce acetate formation in Escherichia
coli,” Biotechnology Progress, vol. 23, no. 5, pp. 1053–1063,
2007.

[26] E. Jones, T. Oliphant, P. Peterson, et al., “SciPy:
Open source scientific tools for Python,” (2001–2007),
http://www.scipy.org/.
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Important efforts are being done to systematically identify the relevant pathways in a metabolic network. Unsurprisingly, there
is not a unique set of network-based pathways to be tagged as relevant, and at least four related concepts have been proposed:
extreme currents, elementary modes, extreme pathways, and minimal generators. Basically, there are two properties that these sets
of pathways can hold: they can generate the flux space—if every feasible flux distribution can be represented as a nonnegative
combination of flux through them—or they can comprise all the nondecomposable pathways in the network. The four concepts
fulfill the first property, but only the elementary modes fulfill the second one. This subtle difference has been a source of errors
and misunderstandings. This paper attempts to clarify the intricate relationship between the network-based pathways performing
a comparison among them.

1. Introduction

A metabolic network can be represented with a stoichiomet-
ric matrix N, where rows correspond to the m metabolites
and columns to the n reactions. Assuming that intracellular
metabolites are at steady state, material balances can be
formulated as follows [1]:

N · v = 0, (1)

where v = (v1, v2, . . . , vn)T is the n-dimensional vector of
flux through each reaction. Each feasible steady state is
represented by a flux vector v. Taking into account these mass
balances and the irreversibility of certain reactions, the space
of feasible steady state flux distributions, or flux space, can be
defined as follows (see glossary for words in italics):

P = {v ∈ Rn : N · v = 0, D · v ≥ 0}, (2)

where D is a diagonal n × n-matrix with Dii = 1 if the flux i
is irreversible (otherwise 0).

The concept of the flux space is the cornerstone of
constraint-based modeling, an approach supported by the
fact that cells are subject to governing constraints that
limit their behavior [2, 3]. In this context, network-based
pathways are used to investigate the modeled metabolism
by the analysis of a finite set of relevant pathways, which
ideally represents all of the metabolic states that a cell can
show. Some outstanding applications of this approach are
enumerated in Table 1.

However, there is not a unique set of network-based
pathways to be tagged as “relevant” and different proposals
have been applied with success: extreme currents, elementary
modes, extreme pathways, and minimal generators. These
concepts are not equivalent, but closely related. There are
three major properties that a set of network-based pathways
can hold: (P1) they can generate the flux space P, (P2)
they can be the minimal set of vectors fulfilling the first
property, and (P3) they can be all the non-decomposable
pathways in the network. The fact that all of the network-
based pathways—elementary modes, extreme pathways, and
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Table 1: Applications of network-based pathways analysis. Partially
extracted from [4–6].

Applications References

Identification of pathways [7, 8]

Determination of minimal medium requirements [9]

Analysis of pathway redundancy and robustness [10–12]

Linkage between structure and regulation. . .

Correlated reactions (enzyme subsets) [11, 13]

Detect excluding reaction pairs [4]

Prediction of transcription ratios [10, 14]

Include regulatory rules [15]

Support for metabolic engineering. . .

Identification of pathways with optimal yields [8]

Evaluation of effect of addition/deletion of genes [16]

Inference of viability of mutants [10, 17]

Detection of minimal cut sets [18]

Suggest operations to increase product yield [19]

Translation of a flux distribution into pathways
activities. . .

Particular solution methods [20, 21]

Alpha-spectrum [22, 23]

Aid in the reconstruction of metabolic reaction
networks. . .

Assignment of function to orphan genes [24]

Detection of infeasible circles [12, 25]

Detection of network dead ends [9, 26, 27]

Support in the reconstruction of metabolic maps [28]

Development of reduced, kinetic models [29–31]

so forth—fulfill the first property but not the others has been
a source of errors, imprecisión, and misunderstandings.

This paper discusses the relationship between the differ-
ent network-based pathways from a theoretical point of view.
We will start defining four pathway concepts and then we will
perform a comparison among them. Finally, we will present
some examples and outline the major conclusions.

2. Results and Discussion

The first attempts to systemically extract a set of pathways
from a given metabolic network were based on the assump-
tion that all of the fluxes were irreversible, or more precisely,
that its dominant direction could be presumed. Convex
algebra shows that in this case the flux space P is a pointed
convex polyhedral cone in the positive orthant Rn+, which can
be generated by non-negative combination of certain vectors,
its edges, or extreme rays [32]. See Figure 1 for a geometric
illustration of the concept.

Extreme rays: pointed cone

v1v2

v3

(a)

Extreme rays: non-pointed cone

v1

v2

v3

(b)

Figure 1: Extreme rays of two flux spaces.

These extreme rays were flux vectors, or pathways, with
a remarkable property (P1): the extreme rays generate the
flux space P; that is, every flux distribution v in P can be
represented as a non-negative combination of fluxes through
these pathways (ek denotes the extreme rays):

P =
⎛

⎝v : v =
e
∑

k

wk · ek, wk ≥ 0

⎞

⎠. (3)

Notice that, in general, a given v cannot be uniquely
decomposed into an activity pattern w, but a space of
valid solutions exists [22, 23]. This is also true for the rest
of generating sets that will be introduced in subsequent
sections.

Moreover, the set of extreme rays had two additional
properties: (P2) it was the smallest (minimal) generating set
of P, and (P3) the extreme rays were all the non-decomposable
vectors in P, those that cannot be decomposed in simpler
vectors [6]. A non-decomposable vector is a minimal set
of reactions that form a “functional unit”; if any of its
participant reactions is not carrying flux, the others cannot
operate alone. These functional units are the simplest steady-
state flux distributions that cells can show, and the rest of
feasible states can be seen as the aggregated action of these
units. This property makes it possible to investigate the
infinite behaviors that cells can show by inspection of the
finite set of non-decomposable vectors.

But what happens if not all fluxes can be assumed to be
irreversible? If so, the extreme rays may lose these properties.
Moreover, a set of vectors holding the three properties
simultaneously (P1, P2, and P3) will not exist; there will be
sets fulfilling P1 and P2, or P1 and P3, but not P2 and P3 in
a general case.

3. Different Network-Based Pathways

3.1. Extreme Currents. Extreme currents are probably the
first attempt to define a set of network-based pathways
[33]. Their computation is based on splitting up each
reversible reaction into two irreversible ones. Thus, if fluxes
are reordered to separate the irreversible fluxes vI and the
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reversible ones vR, the flux space (2) is augmented (N =
[NINR]):

Prc=

⎧

⎪⎪⎪⎨

⎪⎪⎪⎩

v∈Rn+r :
(

NI NR −NR

)

·

⎛

⎜
⎜
⎝

vI

vR

v′R

⎞

⎟
⎟
⎠
=0,

⎛

⎜
⎜
⎝

vI

vR

v′R

⎞

⎟
⎟
⎠
≥0

⎫

⎪⎪⎪⎬

⎪⎪⎪⎭

.

(4)

The extreme rays of the cone Prc are defined as the extreme
currents of P. Notice that Prc is a pointed cone in the positive
orthant Rn+r , so its extreme rays have all of the properties
mentioned above (P1–P3). However, Prc lives in a higher-
dimensional vector space (augmented in one dimension for
each split reversible reaction) and the extreme currents lose
their properties when they are translated to the original
vector-space.

In fact, it has been recently shown that the set of extreme
currents (ECS) coincides with the set of elementary modes,
which will be introduced below, when it is translated to
the original vector-space [34]—when computing the ECS
a set of r spurious cycles appear (pathways formed by the
forward and backward reaction of each reversible flux);
however, these pathways are not considered meaningful in
most applications [35] and they disappear when the ECs are
expressed in the original vector-space Rn.

3.2. Elementary Modes. The concept of elementary
modes was introduced to extend the property of non-
decomposability of the extreme rays (P3) to networks
with reversible fluxes [7, 8]. Hence, a flux vector e is an
elementary mode (EM) if and only if [36]

(C1) e ∈ P,

(C2) there is no nonzero vector v ∈ P such that the
support of v supp(v) is a proper subset of the
support of e supp(e). In other words, e cannot
be decomposed as a positive combination of two
“simpler” vectors v′ and v′′ in P that contain zero
elements wherever e does and include at least one
additional zero component each. This condition
is the so-called nondecomposability, simplicity, or
genetic independence.

Thereby, the set of elementary modes (EMS) is defined as
the set of all the nondecomposable vectors in the flux space
(P3). This definition implies that the EMS fulfills property
P1, as in (3), but also a more restrictive condition due
to C2: each flux distribution can always be represented as
a non-negative combination of elementary modes without
cancelations [36]:

P =
⎛

⎝v : v =
e
∑

k

wk · ek,wk ≥ 0

⎞

⎠ without cancelations (∗).

(5)

(∗) If the sum runs over two or more indices k, all of the ek have
zero components wherever v has zero components and include
at least one additional zero each.

That means that the elementary modes are all the
simple states, or functional units, that a cell can show (the
non-decomposable vectors) and the rest of feasible states
can be seen as its strictly aggregated action, that is, its
aggregated action without cancelations. The “no cancelation
rule” is relevant for several applications of network-based
pathways. The no cancelation rule is what makes it possible
to investigate the infinite behaviors that cells can show by
simply inspection of the finite set of elementary modes,
because there is no possibility of cancelations of reversible
fluxes. This allows to answer many interesting questions in
an easy manner; consider, for example the following:

(i) Which reactions are essential to produce the com-
pound Y? Those that participate in all of the elemen-
tary modes producing Y.

(ii) Is there a route connecting the educt A with the
product Y? Only if there is an elementary mode
connecting them.

(iii) Which are the capabilities of the network if a
reaction r is not carrying flux or has been knocked-
out? The feasible states in these circumstances are
only those that result from aggregating, with no
cancelations, the elementary modes not involving r
(i.e., the consequences of r not carrying flux can
be directly predicted ignoring the elementary modes
participated by r).

(iv) Which is the optimal yield to produce Y from
A? The (stoichiometrically) optimal pathway is the
elementary mode consuming A and producing Y
with the best yield.

As we will see in subsequent sections, the main difference
among network-based pathways is that all of them satisfy
(3), but only the elementary modes satisfy (5), and this fact
determines their practical applications.

3.3. Minimal Generators. We have seen that the elementary
modes generate the flux space, as in (3), but usually they
are not the smallest set satisfying this condition because they
have to fulfill the most exigent condition of (5). Which is
then the minimal set of vectors that generates P by non-
negative combination? The term minimal generating set
(MGS) has been recently coined to refer to this set [37].
It was also shown how to obtain an MGS that is subset of
EMS. However, in general there is not a unique minimal
generating set: different MGSs may exist within the EMS,
and even vectors that are not EMs can be part of an MGS.
Both cases will be discussed in following sections. Yet, the
concept of the minimal generating set also arises from a
different point of view. It is well known that the elementary
modes are not systemically independent because it is possible
to represent some modes as non-negative combination of
others [5]. Clearly, dependent modes that are not necessary
to fulfill (3) can be removed. Thus, any resultant irreducible
subset of the elementary modes is a minimal generating set.
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In summary, a set of minimal generators fulfill prop-
erties P1 and P2, whereas the elementary modes fulfill P1
and P3. The elementary modes include additional non-
decomposable vectors to fulfill P3, which are redundant in
(3) but necessary in (5).

The fact that an MGS does not fulfill (5) reduces its
usability for analysis of the underlying metabolism. Remark-
ably, the questions mentioned in the previous section cannot
be easily addressed using the MGS because the cancelation
of reversible fluxes hides simple pathways. For example,
the MGS has to be recalculated after a gene deletion, and
similar difficulties arise in other applications. The advantage
of the MGSs against the EMS is its reduced size: considering
the central carbon metabolism of E. coli, the computation
of the EMS returns more than 500 000 EMs, whereas an
MGS contains around 3000 MGs [34]. This also implies
that obtaining the MGS is computationally more efficient.
Thereby, the MGS will be preferred in those applications
that just require a set of vectors generating the fluxspace.
For instance, the MGS has been used to perform phenotype
phase-plane analysis [37] and it can be used to extract
the minimal connections between extracellular compounds,
information that can then be used to develop unstructured,
kinetic models [29–31, 38].

3.4. Extreme Pathways. As it happens with the extreme
currents, extreme pathways are obtained in an augmented
vector-space [35]; however, only the internal fluxes are
decomposed in both forward and backward directions (the
exchange fluxes, those that connect internal and external
metabolites with one-to-one correspondence [4], are kept
as reversible). Hence, if fluxes are reordered to separate the
irreversible internal fluxes vI, the reversible ones vR, and the
exchange fluxes vB, as v = [vI vB vR]T, the flux space (2) can
be reformulated as follows (where N = [NI NB NR]):

Prc=

⎧

⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

v∈Rn+r :
(

NI NB NR −NR

)

·

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎝

vI

vB

vR

v′R

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎠

=0,

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎝

vI

vB

vR

v′R

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎠

≥0

⎫

⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎭

.

(6)

In this augmented vector-space, and only there, the set
of extreme pathways (EPs) is a subset of the elementary
modes that is systemically independent [5]. The EPs are still
capable of generating P, as in (3), because only dependent
elementary modes are discarded. However, the extreme
pathways are not systemically independent in the original
one (and even the ECs, which are equivalent to the EMs, are
systemically independent in the augmented space where they
are obtained). Therefore, they are not the irreducible subset
of the elementary modes in the original vector-space; that is,
they are not the minimal generating set [37]. Unfortunately,
this notion was unclear in the literature until recently.

The extreme pathways fulfill property P1, but not P2 nor
P3 in the original vector-space. As it happens with the MGS,
the fact that the EPS does not fulfill (5) reduces its usability
in certain applications. Their advantage with respect to the

EMS is its smaller size, but it must be kept in mind that, in
general, the MGS will be smaller than the EPS (and never
larger).

Example: Two Different Vector-Spaces. Consider the small
network depicted in Figure 2, Case 2A. The three EPs of
this network represented in the augmented vector-space
{v1, v2, v3,−v3} are E1 = (1 0 1 0), E2 = (0 1 0 1),
and E3 = (1 1 0 0). These three vectors are systemically
independent. However, when translated to the original
vector-space {v1, v2, v3}, these vectors are E1 = (1 0 1), E2 =
(0 1 −1) and E3 = (1 1 0), which are not longer systemically
independent, since E1 = E2 + E3. Figure 2 also illustrates the
systemic dependancy of the EPs.

4. Comparison among
Network-Based Pathways

This section is devoted to the comparison of the network-
based pathways described above: extreme currents, minimal
generators, elementary modes and extreme pathways. The
case where all of the fluxes are irreversible will be introduced
first to contextualize the problem; then, the presence of
reversible fluxes will be considered and the differences will
become apparent (see Figure 2).

Reference Vector-Space. Hereinafter we consider the original
vector-space as the reference one: all of the generating sets
will be expressed as elements of the vector-space Rn where
each flux corresponds to an axis. We choose Rn because it is
the original space of the fluxes that connect the metabolites of
the network, and thus it is the meaningful one. For instance,
in the previous example the EPs expressed in the augmented
vector-space were unable to capture the fact that pathway E1
can be seen as a combination of E2 and E3 (E1 = E2 + E3).
Notice also that the relevant difference between equations
(3) and (5), which depends on the cancelation of reversible
fluxes, cannot be easily observed in the augmented vector-
spaces. Since ECs and EPs are computed in augmented
vector-spaces, once obtained, they have to be translated
to Rn, simply merging again the decomposed reversible
fluxes. This process also removes the spurious cycles, those
pathways formed only by the forward and backward reaction
of each reversible flux and appearing as EPs and ECs in the
augmented vector-spaces.

4.1. Case 1: All Fluxes Are Irreversible. As explained in a
previous section, when all of the reactions are irreversible,
the flux space P is a convex cone that satisfies two conditions:
(a) it is in the positive orthant R+ and (b) it is a pointed cone.

Condition (b) implies that P can be generated by
non-negative combination of its extreme rays (3) (more
details below). In fact, the extreme rays always belong to
every generating set because by definition they cannot be
generated by non-negative combination of other vectors
within the cone (see glossary). Thus, if the extreme rays
are able to generate the cone, as it happens in this case,
they are necessarily the minimal generating set. On the
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Case 1

All fluxes irreversible

The cone • exists in R+

• is pointed

•MGS is unique
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Example

v1 = v2 + v3, vi ≥ 0

MG, EM, EP

v1

v2

v3

MG, EM, EP

• EMs: 2
•MGs: 2
• EPs: 2

v1

v2

v3 (1, 0, 1)

(1, 1, 0)

v1

v3
(1, 0, 1)

(1, 1, 0)

Case 2A

Reversible fluxes, no reversible vector

The cone
•may not exist in R+

• is pointed

•MGS is unique
• EMS ⊇ EPS ⊇MGS

If all exchange v’s are irrev. =⇒ EMS = EPS
If all internal v’s are irrev. =⇒ EPS =MGS

Example (2A)

v1 = v2 + v3, v1 ≥ 0
v2 ≥ 0

EM, EP

v1

v2

v3

MG
EM
EP

MG, EM, EP

• EMs: 3
•MGs: 2
• EPs: 3

If v1, v2, and v3 are
considered as exchange
fluxes =⇒ 2 EPs

v1

v2

v3 (1, 0, 1)

(0, 1,−1)
(1, 1, 0)

v1

v3 (1, 0, 1)

(1, 1, 0)

(0, 1,−1)

Case 2B

Reversible fluxes, reversible vector

The cone • does not exist in R+

• is non-pointed

•MGS is not unique
• EMS ⊇ EPS ⊇MGS

Common:
EMS (ECS) ⊃ EPS ⊃ every MGS

Example

v1 = v2 + v3, v3 ≥ 0

MG, EM, EP
MG, EM, EP

v1

v2

v3

MG
EM
EP

MGa, EM, EP

• EMs: 4
•MGs: 3
• EPs: 4

MGS not unique (a/b)

Adding 1 of 2 extra
EMs gives an MGS

v1
v2

v3

(0,−1, 1)

(1, 0, 1)

(−1,−1, 0)

(1, 1, 0)

v1

v3
(0,−1, 1)

(1, 1, 0)

(1, 0, 1)

(−1,−1, 0)

Figure 2: Case-based scheme of the different network-based pathways. In each example metabolites are represented with circles connected
with thin arrows that represent the fluxes. The reversible fluxes are double arrowed (solid arrowhead defines the sign criteria). The blue thick
arrows denote generating vectors that correspond to extreme rays of the cone and the red ones to the rest of generating vectors. The axis at
the bottom depicts the flux-space over {v1, v2, v3}, blue area, and its generating vectors.
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other hand, the extreme rays are always non-decomposable
vectors of P (since they cannot be generated by non-negative
combination). Moreover, condition (a) implies that the
intersections of the cone with the (positive or negative) axis
of the vector-space, which are potential non-decomposable
vectors, cannot be interior points of P. Thus, the extreme
rays will be all the non-decomposable vectors in P.

These two conditions imply that in this case the extreme
rays are not only the minimal generating set of the flux
space (P1 and P2), but also the set of all non-decomposable
vectors (P3). Since the ECs and the EPs are the extreme rays
of two cones defined in augmented vector-spaces where the
reversible fluxes are decomposed, it is obvious that, if there
are no reactions to be decomposed, the ECs and EPs are the
extreme rays of the original cone P. Therefore the following
is maintained.

Rule 1. If all fluxes are irreversible, all the generating sets are
equivalent, EMS = ECS = EPS = MGS, and coincide with the
extreme rays of the flux space P.

4.2. Case 2: There Are Reversible Fluxes. Now we consider
the situation where certain fluxes are reversible. The flux
space P is still a convex cone, but it is not necessarily in
the positive orthant R+ and it can be non-pointed. If one
or more reversible reactions are effectively reversible—that
is, both forward and backward directions can be realized
by flux distributions—the cone will not be in the positive
orthant (otherwise P would remain a pointed one in the
positive orthant as in Case 1). Then, two situations are
possible: Case 2A, the cone is pointed, and Case 2B, it is
not.

Consider the lineality space of P, defined as
lin.space(P) := {x ∈ Rn | A · x = 0}. It represents
the linear subspace contained in the cone and allows to
characterize the cone as follows: P is pointed if lin.space
(P) = {0}, otherwise non-pointed. Hence, P will be a non-
pointed cone if a vector x and its opposite –x exist in P. These
vectors would involve only reversible fluxes and represent
reversible vectors that can operate in both directions. Thus
P is non-pointed cone if and only if it contains a reversible
vector. It is also possible to check whether a cone is pointed
inspecting K, the kernel of N, arranged in a suitable way (see
[37] for details).

The more important consequence of this classification is
the following: a pointed cone P can be generated by non-
negative combination of its extreme rays, but this no longer
true for a non-pointed one. A non-pointed cone still can be
generated by non-negative combination, but a unique MGS
will not exist.

4.3. Case 2A: Reversible Fluxes but Not Reversible Vectors. If
there are reversible fluxes but not a reversible vector, the
flux-space P is still a pointed cone and it can be generated
by its extreme rays [39]. As explained above, if the extreme
rays generate the cone, they are necessarily the minimal
generating set because they belong to every generating set by
definition.

Rule 2. If the flux space P does not contain a reversible vector,
a unique MGS exists and it coincides with the extreme rays
of P.

However, if there are reversible fluxes, and they are
effectively used in both directions, the cone is not restricted
to the positive orthant R+. This implies that the intersections
of vector-space axis with the cone will be non-decomposable
vectors of P. That is, there are non-decomposable vectors
in P that are not extreme rays. The EMS sill contains the
extreme rays, which are always non-decomposable, but could
also contain other non-decomposable vectors. Notice that
these extra EMs are necessary to generate the flux space P
without cancelations (5), but can be redundant to fulfill (3).

Rule 3. The EMS (ECS) is always a superset of the extreme
rays of the flux space P. If there are reversible fluxes, more
EMs than extreme rays may exist.

By Rules 2 and 3 it follows that, if the flux space P does
not contain a reversible vector, the MGS is a subset of the
EMS. Moreover, those EMs not belonging to the MGS will
be systemically dependent and the MGS will be the unique
irreducible subset of the EMS.

Rule 4. If the flux space P does not contain a reversible
vector, the unique MGS is the irreducible subset of the EMS.
It can be extracted from the EMS selecting the systemically
independent vectors (see the appendix).

This property was incorrectly assigned to the extreme
pathways in the past, but these are systemically independent
only in an augmented vector-space and not in the original
one (see example below). The EPs are the extreme rays of
the cone obtained when the internal, reversible reactions are
split, whereas the EMs (ECs) are the extreme rays of the cone
obtained when all of the reversible reactions are split. This
difference determines the relationship among the concepts
(Figure 3).

Rule 5. If the flux space P does not contain a reversible vector,
the EPS can be a subset of the EMS, but in general it is not the
MGS. That is, EMS (ECS) ⊇ EPS ⊇ MGS, and the following
two particular cases exist.

(a) If all exchange fluxes are irreversible, EMS (ECS) =
EPS.

(b) If all internal fluxes are irreversible, EPS = MGS.

The two rules can be rephrased as follows

(a) EPS can be a proper subset of the EMS ⇐⇒ there are
reversible exchange fluxes.

(b) MGS can be a proper subset of the EPS ⇐⇒ there are
reversible internal fluxes.

Proof Outline. (a) If all of the reversible fluxes are internal,
the EPs and the ECs (EMs) are the extreme rays of the same
cone. (b) If all of the internal fluxes are irreversible, the EPs
are the extreme rays of the original cone, which coincide with
the extreme rays due to Rule 2.
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All internal v’s
irreversible?

Figure 3: Relationship between different network-based pathways.

4.4. Case 2B: Reversible Fluxes and a Reversible Vector. If the
reversible fluxes form a reversible vector, the convex cone
Pr is non-pointed. A non-pointed cone can be represented
as Pr = H + Q, where H is the linear space lin.space(Pr),
and Q is a pointed subcone, with Q⊆ H⊥ (H⊥ denotes the
orthogonal complement of H). In fact, this is the general
representation of a convex polyhedral cone and Cases 1 and
2A are particular cases where H = {0}. Thus, a non-pointed
cone can be generated as follows [39]:

Pr =
⎧

⎨

⎩
v : v =

n f
∑

k

λk · fk +
nb
∑

j

β j · xj, λk ≥ 0

⎫

⎬

⎭
, (7)

where fk are the “irreversible” generating vectors, for which
its opposites are not contained in Pr, and xj are the
“reversible” ones, for which its opposite−xj is also contained
in Pr. Vectors xj must form a base of H, whereas vectors fk

generate the sub-cone Q. Notice that Pr can still be generated
by non-negative combination, as in (3), using fk, xj, and
−xj as generating vectors. Unfortunately, there is a price
to pay for the cone being non-pointed: the set of minimal
generating vectors is not unique anymore.

In fact, a minimal generating set of Pr is obtained
choosing an arbitrary base {xj} of H, and taking one
arbitrary ray fk from each minimal proper face of the cone
[39]. When the cone is pointed, there are no vectors {xj} and
the minimal proper faces are the extreme rays, so they are
uniquely defined.

The extreme rays of Pr will be present in any generating
set—EMS, EPS, or an MGS—because they cannot be
represented as non-negative combination of other vectors in
Pr. However, they are insufficient to generate a non-pointed
cone, they could even not exist (e.g., if all fluxes are reversible,
the cone is an n-dimensional vector-space generated only by

vectors xj and −xj). Additional vectors {xj} and {fk} must
be combined with the extreme rays to form an MGS, but the
choice is not unique.

Rule 6. If the flux space Pr contains a reversible vector, its
extreme rays are not a complete generating set and there is
not a unique MGS.

However, it is still possible to define a MGS containing
only non-decomposable vectors, and thus being a subset of
the EMS. This kind of MGS can be obtained with a lexico-
smallest representation [40] or extracted from the set of EMs,
as explained in the appendix.

Rule 7. If the flux space Pr contains a reversible vector, an
irreducible subset of the EMS constitutes an MGS formed only
with non-decomposable vectors.

Notice that other MGSs exist. Indeed, even more than
one MGS formed with different non-decomposable vectors
may exist, since there is not necessarily a unique irreducible
subset of EMS. Both situations will be illustrated in subse-
quent examples.

With respect to the EPS, Rule 5 should be rephrased
recalling that the MGS is no longer unique. Moreover, since a
reversible vector will be (a) always participated by at least one
internal flux—a reversible vector only with external fluxes
has little sense and (b) in most cases also participated by
external ones (except that if all of the reversible vectors are
futile cycles), a common situation arises where EMS (ECS)
⊃EPS ⊃ an MGS.

Rule 8. If the flux-space Pr contains a reversible vector, the EPS
can be a subset of the EMS, but in general the EPS is not an
MGS. The most common case will be EMS (ECS) ⊃EPS ⊃ an
MGS.
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4.5. Examples. Some examples will be used to illustrate the
different cases described above. The first examples (1 to
5) use a simple network taken from Papin et al. [5]. The
network has 6 reactions—3 internal and 3 exchange—and
three metabolites, so it has 3 degrees of freedom. If all of
the reactions were reversible, the kernel of N would provide
a basis of the flux space formed by three reversible vectors.
Herein we consider five cases where different reactions are
irreversible (results are depicted in Figure 4).

Example 1. In the first example all fluxes are assumed to be
irreversible (Case 1). In this case, the flux space is a pointed
cone in R+ and all of the network-based pathways—ECS,
EMS, EPS, and MGS—are equivalent.

Example 2. Now the exchange flux v4 is assumed to be
reversible. This example corresponds to Case 2A (the flux
space is a pointed cone not in R+). In this case the EMS
can be a superset of the MGS, as indeed happens in this
example: EM4 is systemically dependent (EM4 = MG1 +
MG2), so it is an EM but not a MG. On the other hand,
the EPS is equal to the MGS because the internal fluxes are
all irreversible. EM4 is not an EP because the reversible flux
being cancelled in MG1 + MG2 is an exchange, so EM4 is
systemically dependent in the vector-space where EPs are
computed.

Example 3. In this third example the exchange flux v4 and
the internal flux v2 are reversible. This is a general case and
therefore, EMS ⊇ EPS ⊇ MGS. EM5 is neither an EP nor an
MG (EM5 = MG1 + MG2). EM4 is not a MG (EM4 = MG3
+ MG2), but it is an EP; one of the fluxes cancelled in MG3
+ MG2 is an internal flux, so this cancelation cannot be done
in the augmented vector-space where the EPs are computed.

Example 4. In this example only two internal fluxes, v1 and
v3, are reversible. Again, the EMS is a superset of the MGS:
EM4 is not an MG because it is systemically dependent (EM4
= MG3 + MG2). On the other hand, as all of the reversible
fluxes are internal, the EPs and the EMs are necessarily
equivalent.

Example 5. Now there are four reversible fluxes—v1, v2, v5,

and v6— that define a reversible vector. This corresponds to
Case 2B, where the flux space is a non-pointed cone. There
are 7 EMs and 5 of them are also EPs. The two vectors that
form the reversible vector are extreme rays in this example.
To form an MGS they need to be combined with 2 other
vectors, but the choice is not unique. For instance, 2 subsets
of EMs are minimal generating sets, MGS1 and MGS2.

Example 6. Klamt and Stelling use a simple example, referred
to as N2 in their article, to investigate the relationship
between the EMS and the EPS [4]. This network has 9
reactions (3 exchanges) and 6 metabolites. After computing
the EMS, the EPS, and the MGS, it turns out that there
are 8 EMs and 5 EPs (the extra EM9/EP6 in [4] disappears
in the original vector-space because it is a spurious cycle
caused by decomposing the reversible fluxes). Yet, the MGS

contains only 4 vectors, indicating that there is an EP that
is not systemically independent: it can be checked by simple
inspection that EP1 = EP2 + EP4 (when they are represented
in the original vector-space).

Example 7. Another example to be analyzed is the small
network used by Schilling et al. [35]. We obtained 7 EMs
and the 5 relevant EPs given in the paper. Again, the EPs are
not systemically independent when translated to the original
vector-space (EP2 = EP3 + EP5) and 4 vectors are sufficient
to form an MGS. It turns out that the MGS is not unique
because there is a reversible vector in the flux-space (in fact,
the reversible vector defines two EPs: EP3 and EP4 use the
same reactions but in opposite directions).

Example 8. We have also analyzed the metabolic network
of CHO cells given in [31]. The network has 24 reactions
(9 reversible) and 18 internal metabolites, so it has 6
degrees of freedom. There are 18 EMs and 8 EPs, but
only 6 vectors form the unique MGS (see supplementary
file, Figure 2 in supplementry material available online
at doi:10.1155/2010/753904). The metabolic pathways that
correspond to the MGs are given in the supplementary file,
Figure 1.

5. Conclusions

The purpose of network-based pathways analysis is to iden-
tify a finite set of systemic pathways in a metabolic network,
and then use these pathways to study the cell metabolism.
In this paper four similar definitions of network-based
pathways have been compared.

We have seen that all of the flux states of a given metabolic
network can be represented as an aggregation of flux through
its elementary modes, which are all the simple, or non-
decomposable, pathways in the network. Nevertheless, the
set of elementary modes is not the smallest set of pathways
fulfilling this property; this role corresponds to the so-called
minimal generating sets. In certain cases there is a unique
minimal generating set, but in general there are several
alternatives. Interestingly, the set of elementary modes can
be reduced by eliminating modes that are systemically
dependent, resulting in a minimal generating set formed only
with elementary modes. It has been also highlighted that,
contrarily to what has sometimes been stated, the extreme
pathways are not the minimal generating set, because they are
usually systemically dependent in the original vector-space.

The minimal generating sets can be of use in applications
where a set of generating vectors are required. In these cases
they will be preferred due to its reduced size and because
their computation is more efficient. For instance, minimal
generators are suitable for extracting the fundamental con-
nections between extracellular compounds, information that
can be used to develop unstructured, kinetic models [29–
31, 38]. However, the analysis of the elementary modes is
more powerful. The fact that the set of elementary modes
comprises all of the simple pathways in the network—its
functional states—makes it possible to investigate the infinite
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Figure 4: Examples illustrating the differences among network-based pathways.
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behaviors that cells can show by simply inspecting them. This
makes it easy to answer several questions: which reactions
are essential to produce a certain compound, which will be
the capabilities of the network if a reaction is knock-out,
and so forth. Answering these questions using the minimal
generators or the extreme pathways may be difficult because
one has to take into account the possible cancelations of
reversible fluxes.

Significant efforts are being done to improve network-
based pathways analysis, particularly in the context of
genome-scale metabolic network, where their more criti-
cal limitation appears: when the number of reactions in
the network grows, the number of pathways dramatically
increases, reducing understandability and even becoming
not computable [5, 6]. Recent works have improved the
computation algorithms [41, 42], and proposed methods to
get particular subsets of pathways [43] and to decompose
large networks in modules [44, 45]. New concepts of
pathways have been also recently introduced. Kaleta et al.
have introduced “elementary flux patterns”, which explicitly
takes into account possible steady-states fluxes through a
genome-scale network when analyzing pathways through
a subsystem, thus allowing the application of many (not
all) elementary-mode-based tools to genome-scale networks
[46]. Barrett et al. have used Monte Carlo sampling in
conjunction with principal component analysis to obtain a
low-dimensional set of pathways generating the flux space of
genome-scale networks [47].

Most applications of network-based pathway analysis are
found not only in the context of microbial production [9,
11, 12, 17, 20], but also in botany [48, 49] or in biomedicine
[50, 51]. The number of applications increases steadily, and
we believe that this will continue in the foreseeable future.

Glossary Box

Flux Distribution. The values of every metabolic flux of a
given network at a particular (steady) state form a flux
distribution.

Flux Space. The space P that contains all of the feasible flux
distributions of a given metabolic network is the flux space.
The flux space is often a convex polyhedral cone (2).

Convex Polyhedral Cone. A nonempty set of points P⊆ Rn is
a convex cone if and only if any non-negative combination of
elements from P remains in P. A convex cone P is polyhedral
if, for some matrix A, P = {x ∈ Rn | A · x ≤ 0}. A convex
polyhedral cone P is the set of solutions of a homogeneous
system of inequalities (or the intersection of finitely many
affine half-spaces).

Cone. For brevity, we use the term “cone” to refer to a convex
polyhedral cone.

Nonnegative Generation. The Farkas theorem asserts that a
convex cone is polyhedral if and only if it is finitely generated.

A cone is finitely generated if there exist a set of vectors G =
{gi} that generate it by non-negative combination.

Generating Set. Any set of vectors G in P that generates P by
non-negative combination is a generating set of P. The EMS,
the ECS, the EPS, and the MGSs are generating sets of P.

Lineality Space. Let P be a convex polyhedral cone, P = {x ∈
Rn | A · x ≤ 0}. Then, lin.space(P) = {x ∈ Rn | A · x = 0}
is called the lineality space of P. It is the t-dimensional linear
subspace contained in the cone.

Reversible Vectors. The lineality space, lin.space(P), contains
the nonzero vectors r in P whose opposite −r is also in
P. These involve only reversible fluxes and represent flux
distributions that can operate in both directions. They can
be called reversible vectors.

Pointed Cone. A convex polyhedral cone P is said to be
pointed if lin.space(P) = {0}. In other words, a cone is
non-pointed if it contains a reversible vector, and pointed
otherwise.

Generation of a Pointed Cone. A pointed cone P can be
generated by non-negative combination of its extreme rays,
which is the unique, minimal generating set of P (MGS).

Generation of a Nonpointed Cone. A non-pointed cone P can
still be generated by convex combination of a set of vectors,
but there is no longer a unique MGS.

Extreme Rays or Edges. A vector d is a ray of the convex
polyhedral cone P if for all x ∈ P, x+λ·d ∈ P for each λ ≥ 0.
If a ray d cannot be expressed as non-negative combination
of other rays in P, it is an extreme ray. In metabolic pathway
analysis, extreme rays are important because (i) if the cone is
pointed, the extreme rays are the unique MGS. In the general
case, the extreme rays (ii) belong to every generating set of P,
and (iii) they are always non-decomposable.

Nondecomposability. Given a cone P, a vector n ∈ P is
non-decomposable if it cannot be represented as a positive
combination of two vectors v′ and v′′ in P that contain zero
elements wherever n does and include at least one additional
zero each. These vectors represent the simple states or
functional units that a cell can show; the rest of feasible states
can be seen as its aggregated action without cancelations.
This property is relevant in several applications. All the
generating set may contain non-decomposable vectors, but
only the EMS is the set of all of the non-decomposable
vectors in P.

Systemic Independence. A set of vectors I are systemically
independent if no vector in I can be represented as a non-
negative combination of others. The extreme rays are always
a systemically independent set of vectors.
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Irreducible Subset. Given a generating set G of P that is not
systemically independent, every smallest subset of G that
generates G, and therefore P, is an irreducible subset of G.
If the cone is pointed, there is a unique irreducible subset for
every generating set and it coincides with the extreme rays of
the cone, but if the cone is non-pointed, several irreducible
subsets may exist.

(Flux) Vector-Space. The term (flux) vector-space refers to
the space with the metabolic fluxes as axis. The original flux
vector-space has dimensions n (n is number of reaction in the
network), but some network-based pathways are computed
in auxiliary vector-spaces of higher dimension.

Appendix

Computation of Network-Based Pathways

The elementary modes can be computed with Metatool [13]
and cellNetAnalyzer [52], both running under MATLAB. The
extreme pathways can be computed using expa [53]. Minimal
generating sets can be obtained using SNA [54], a software
package running under Mathematica, or using ccd [55] as
reported in [40]. In addition, we describe a simple method to
get an MGS from the EMS extracting an irreducible subset.

Extracting an MGS from the EMS. The procedure can be
outlined with the following pseudocode:

for each elementary mode ei in E

define A = [M Er]

if (there is no w ≥ 0 | A ·w = e) then: add ei to M

end

where E is the matrix formed with EMs as columns, Er is the
submatrix of E with only columns after i, and M is the matrix
collecting the MGs (thus empty on first iteration).

If the cone is pointed, the resultant set is the unique MGS
(and coincides with the extreme rays of the cone). Otherwise,
it is a nonunique MGS formed with non-decomposable
vectors.
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[3] F. Llaneras and J. Picó, “Stoichiometric modelling of cell
metabolism,” Journal of Bioscience and Bioengineering, vol.
105, no. 1, pp. 1–11, 2008.

[4] S. Klamt and J. O. Stelling, “Two approaches for metabolic
pathway analysis?” Trends in Biotechnology, vol. 21, no. 2, pp.
64–69, 2003.

[5] J. A. Papin, J. Stelling, N. D. Price, S. Klamt, S. Schuster, and B.
O. Palsson, “Comparison of network-based pathway analysis
methods,” Trends in Biotechnology, vol. 22, no. 8, pp. 400–405,
2004.

[6] J. Gagneur and S. Klamt, “Computation of elementary modes:
a unifying framework and the new binary approach,” BMC
Bioinformatics, vol. 5, article 175, 2004.

[7] S. Schuster, D. A. Fell, and T. Dandekar, “A general definition
of metabolic pathways useful for systematic organization and
analysis of complex metabolic networks,” Nature Biotechnol-
ogy, vol. 18, no. 3, pp. 326–332, 2000.

[8] S. Schuster, T. Dandekar, and D. A. Fell, “Detection of
elementary flux modes in biochemical networks: a promising
tool for pathway analysis and metabolic engineering,” Trends
in Biotechnology, vol. 17, no. 2, pp. 53–60, 1999.

[9] C. H. Schilling and B. ∅. Palsson, “Assessment of the metabolic
capabilities of Haemophilus influenzae Rd through a genome-
scale pathway analysis,” Journal of Theoretical Biology, vol. 203,
no. 3, pp. 249–283, 2000.

[10] J. Stelling, S. Klamt, K. Bettenbrock, S. Schuster, and E. D.
Gilles, “Metabolic network structure determines key aspects
of functionality and regulation,” Nature, vol. 420, no. 6912, pp.
190–193, 2002.

[11] J. A. Papin, N. D. Price, and B. ∅. Palsson, “Extreme pathway
lengths and reaction participation in genome-scale metabolic
networks,” Genome Research, vol. 12, no. 12, pp. 1889–1900,
2002.

[12] N. D. Price, J. A. Papin, and B. ∅. Palsson, “Determination of
redundancy and systems properties of the metabolic network
of Helicobacter pylori using genome-scale extreme pathway
analysis,” Genome Research, vol. 12, no. 5, pp. 760–769, 2002.

[13] T. Pfeiffer, I. Sánchez-Valdenebro, J. C. Nuño, F. Montero, and
S. Schuster, “METATOOL: for studying metabolic networks,”
Bioinformatics, vol. 15, no. 3, pp. 251–257, 1999.
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By integrating the restriction of oxygen and redox sensing/regulatory system, elementary mode analysis was used to predict
the metabolic potential of glycerol for succinate production by E. coli under either anaerobic or aerobic conditions. It was
found that although the theoretical maximum succinate yields under both anaerobic and aerobic conditions are 1.0 mol/mol
glycerol, the aerobic condition was considered to be more favorable for succinate production. Although increase of the oxygen
concentration would reduce the succinate yield, the calculation suggests that controlling the molar fraction of oxygen to be
under 0.65 mol/mol would be beneficial for increasing the succinate productivity. Based on the elementary mode analysis, the
rational genetic modification strategies for efficient succinate production under aerobic and anaerobic conditions were obtained,
respectively. Overexpressing the phosphoenolpyruvate carboxylase or heterogonous pyruvate carboxylase is considered to be the
most efficient strategy to increase the succinate yield.

1. Introduction

Glycerol has become an abundant and inexpensive carbon
source due to its generation as an inevitable byproduct of
biodiesel production. Over the past few years, the price of
crude glycerol has decreased 10-fold due to the tremendous
growth of the biodiesel industry [1]. Much effort has been
paid for the development of processes to convert crude
glycerol into higher-value products to maximize the full
economic potential of biodiesel process. For example, the
transformation of glycerol into 1,3-propanediol has been
extensively studied in the past few years [2–4].

Several recent studies also tried to utilize glycerol as
a carbon source for the transformation of other valued
products such as ethanol [5] and amino acids [6]. Succi-
nate is traditionally produced from sugars and suffers the
limitation due to the availability of reducing equivalents.
Compared with glucose, glycerol has a higher reduced state
and also several microorganisms such as E. coli can transform
glycerol into succinate [7]. So, the byproduct glycerol is a
potential substrate for the succinate production. Despite few

attempts in the past, no industrially competitive organisms
can effectively produce succinate from glycerol so far. In the
light of the new powerful tools of metabolic engineering, the
quest for targeted development of strains that can effectively
utilize glycerol for succinate production is strongly revived.
E. coli is one of the most promising organisms since it
can directly utilize glycerol and it has been traditionally
developed for succinate production [8–10].

The dissimilation of glycerol in E. coli is catalyzed
by proteins encoded by glp regulon under aerobic con-
ditions. Glycerol is first phosphorylated into glycerol 3-
phophate (G3P) by ATP-dependent glycerol kinase encoded
by glpK gene, and then glycerol 3-phophate is converted
into dihydroxyacetone phosphate (DHAP) by aerobic G3P
dehydrogenase encoded by glpD gene (Figure 1) [11, 12].

Although the aerobic utilization of glycerol by E. coli
has been known for a long time, the fermentative pathway
of glycerol has just been clarified recently [13, 14]. It has
been suggested that the feasibility of fermenting glycerol into
fuels and other reduced chemicals is through the inducing
of its native 1,2-propanediol fermentative pathway without
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Figure 1: Central metabolic network of glycerol in wildtype E. coli. The dashed arrows represent the particular pathways in anaerobic
conditions. Reversible reactions are represented by a double-headed arrow. Key genes associated with the pathway are included.

using external electron acceptors. In this pathway, glycerol is
converted to dihydroxyacetone (DHA) by NAD+-linked glyc-
erol dehydrogenase (GDH), and the DHA is phosphorylated
to DHAP via the ATP-dependent or phosphoenolpyruvate
(PEP)-dependent DHA kinase (DHAK). DHAP is then
reduced into 1,2-propanediol or enter glycolysis [15].

Since E. coli can utilize glycerol in both aerobic and
anaerobic conditions, it is necessary to analyze the potential
and the feasibility of engineering E. coli for the succinate
production in either condition. A careful metabolic pathway

analysis is very helpful in such kind of estimation and ratio-
nal strain development. Elementary mode analysis is one of
the most powerful tools for metabolic pathway analysis using
for the metabolic properties study of cellular systems [16–
18]. Elementary mode analysis allows the calculation of a
solution space that contains all possible steady-state flux dis-
tributions of a network. The stoichiometry of the metabolic
network, including carbon as well as cofactor requirements,
is fully considered in elementary mode analysis. On the other
hand, it also allows determining the overall capacity, that is,
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theoretical maximum yield, of a cellular system and studying
the effects of any genetic modification. Based on such studies,
rational design can be obtained for the efficient production
and genetic modification. Moreover, knowledge of the
theoretical maximum yield allows estimating the potential
economic efficiency of a process. Recently, elementary mode
analysis has been used for genome scale metabolic studies
dealing with, for example, the rational design of methionine
production in E. coli and C. glutamicum [19], the production
of polyhydroxybutanoate in yeast [20], and growth-related
aspects in Saccharomyces cerevisiae [21, 22] and E. coli [23,
24].

In this work, the elementary mode analysis was carried
out for succinate production by comparing the metabolic
networks of E. coli in anaerobic and aerobic conditions.
The pathways involved in the flux scenario representing
optimal succinate production were investigated and the effect
of oxygen level on succinate production and biomass was
also discussed. Furthermore, the rational design for the
genetic modification of the E. coli to enhance the succinate
production was developed. This work is considered useful
for the further strain improvement and metabolic regulation
in the succinate production by E. coli with glycerol as the
substrate.

2. Materials and Methods

2.1. Metabolic Reaction Network. The glycerol metabolic
network of E. coli was constructed (Figure 1) based on KEGG
database (http://www.genome.jp/kegg/metabolism.html) as
well as biochemical and physiological literatures [13, 14, 25].
It includes glycerol dissimilation pathways, glycolysis path-
way (EMP), pentose phosphate pathway (PPP), tricarboxylic
acid (TCA) cycle, biosynthesis pathway, anaplerosis, and
respiratory chain. The metabolic network was depicted in
Figure 1. For the interconversion of NADH and NADPH,
a cytosolic transhydrogenase transferring protons from
NADPH to NAD+ and a membrane-bound transhydroge-
nase reducing NADP+ by oxidation of NADH were imple-
mented [26]. For ATP production in the respiratory chain,
a P/O ratio of 2 for NADH was assumed [27].The precursor
demand for biomass formation was calculated according to
the literature [28]. The biomass term is represents as Cmol
basis (CN0.24S0.008). The cell physiology of E. coli is strongly
affected by oxygen from different levels such as the transcrip-
tional regulatory which cannot be represented simply in the
metabolic network. For example, one component fumarate
and nitrate reduction (FNR) protein is aerobic/anaerobic
response regulator [25]. FNR appears to sense oxygen
directly through a redox-sensitive iron-sulphur cluster in
the protein and is active only during anaerobic growth.
The two iron-sulphur ([4Fe–4S]2+) clusters in the dimeric
FNR protein are converted to two [2Fe–2S]2+ clusters upon
exposure to stoichiometric levels of oxygen. Active FNR
protein activates and represses target genes in response to
anaerobiosis. It acts as a positive regulator of genes expressed
under anaerobic fermentative conditions such as aspartase,
formate dehydroganases, fumarate reductase, and pyruvate

formate lyase. To account for the effects of FNR regulator and
other experimental discovery, the following constraints are
used to discriminate the metabolic networks under aerobic
and anaerobic network.

For the anaerobic model, glycerol is assumed to be
dissimilated into DHA by NAD+-dependent glycerol dehy-
drogenase and then DHA is phosphorylated into DHAP by
ATP-dependent or PEP-dependent DHA kinase [13, 14]. The
pathway from DHAP to 1,2-propanediol is considered to be
active under anaerobic condition [13]. The pyruvate dehy-
drogenase complex is inactive under anaerobic condition
and thus pyruvate-formate lyase was the only active enzyme
that catalyzes the transformation of pyruvate into acetyl-
CoA [29]. The TCA cycle is broken at the alpha-ketoglutarate
dehydrogenase step and the respiratory chain is assumed to
be inactive [30]. The detailed description of the model is
listed in Appendices A.1 and A.2.

For the aerobic model, glycerol is firstly phosphorylated
into G3P by ATP-dependent glycerol kinase and then
G3P is transferred into DHAP by NAD+-dependent G3P
dehydrogenase [11, 12]. The 1, 2-propanediol pathway is
assumed to be inactive. Pyruvate oxidase is active under
aerobic condition which will transfer pyruvate into acetate.
The detailed description of the model is listed in Appendices
A.1 and A.3.

2.2. Computational Methods. In the present work, the
elementary mode analysis was carried out for studying the
aerobic and anaerobic metabolism of glycerol in E. coli by
using METATOOL 5.1 [31]. The script files and compiled
shared library of METATOOL 5.1 can be downloaded
from the METATOOL website (http://pinguin.biologie.uni-
jena.de/bioinformatik/networks/metatool/metatool5.1/meta-
tool5.1.html). The mathematical details of the algorithm
were described elsewhere [32]. Metabolic pathway analysis
resulted in tens to hundreds of elementary flux modes for
each situation investigated. For each of these flux modes, the
fluxes were calculated as relative molar values normalized
to the glycerol uptake rate and were expressed as mol/mol
(glycerol).

3. Results and Discussion

3.1. Elementary Mode Analysis of Glycerol Metabolism
under Anaerobic Condition. Under anaerobic condition, the
metabolic network model got 55 elementary flux modes. The
relationship between the yields of products and biomass was
shown in Figure 2. The maximum molar yield of biomass
under anaerobic condition is 0.187 mol/mol in which the
respective yields of 1,2-propanediol, ethanol, and formate
were 0.248 mol/mol, 0.495 mol/mol, and 0.57 mol/mol and
no succinate, acetate, and lactate were produced. It was found
that the cell growth was always associated with the produc-
tion of 1,2-propandediol, ethanol, and formate. Therefore,
the production of 1,2-propanediol, ethanol, and formate
was necessary for the biomass synthesis during the glycerol
metabolism. The biomass synthesis process consumes ATP
and produces reducing equivalents (NADH). Both ATP
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Table 1: Reactions and enzymes involved in Figure 1.

Reactions Genes Enzymes Aerobic/anaerobic specificity References

R1 glpF glycerol facilitator [1]

R2 gldA Glycerol dehydrogenase II anaerobic [2]

R3 dhaKLM PTS-dependent Dihydroxyacetone kinase anaerobic [2]

R4 glpK glycerol kinase aerobic [1]

R5 glpD Glycerol-3-phosphate dehydrogenase aerobic [1]

R6 sets of reactions anaerobic [2]

R7 dhaK ATP-dependent Dihydroxyacetone kinase [2]

R10 tpi12 Triose-phosphate isomerase KEGG

R11 fba Fructose-bisphosphate aldolase KEGG

R13 fbp Fructose-bisphosphatase KEGG

R14 gpi Glucose-6-phosphate isomerase KEGG

R15 sets of reactions KEGG

R16 sets of reactions KEGG

R17 pykAF Pyruvate kinase KEGG

R20 pdh Pyruvate dehydrogenase aerobic [3]

R21 pfl Pyruvate formate-lyase anaerobic [4]

R22 gltA Citrate synthase KEGG

R23 acnB Aconitate hydratase KEGG

R24 icd Isocitrate dehydrogenase KEGG

R25 sucAB Oxoglutarate dehydrogenase aerobic [5]

R26 sucCD Succinate-CoA ligase aerobic [5]

R27 sdhABCD Succinate dehydrogenase KEGG

R28 fumABC Fumarate hydratase KEGG

R29 mdh Malate dehydrogenase KEGG

R30 sets of reactions KEGG

R31 rpe Ribulose-phosphate 3-epimerase KEGG

R32 rpiA Ribose-5-phosphate isomerase KEGG

R33 tkt Transketolase KEGG

R34 tkt Transaldolase KEGG

R35 tkt Transketolase KEGG

R40 ppc PEP carboxylase KEGG

R41 pck PEP carboxykinase KEGG

R42 malE malic enzyme KEGG

R43 aceA Isocitrate lyase KEGG

R44 aceB Malate synthase KEGG

R50 adhE Aldehyde dehydrogenase KEGG

R51 ldhA Lactate dehydrogenase KEGG

R52 poxB pyruvate oxidase aerobic [6]

R53 pta,ackA Phosphate acetyltransferase, Acetate kinase KEGG

R60 Biomass formation [7]

R70 ATP-hydrolysis [7]

R71 Transhydrogenase [7]

R72 respiratory chain 1 aerobic [7]

R80 Membrane transport reaction

R81 Membrane transport reaction

R82 Membrane transport reaction

R83 Membrane transport reaction

R84 Membrane transport reaction

R85 Membrane transport reaction
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Figure 2: Relationship between the yields of biomass and byproducts for the obtained elementary modes of E. coli under anaerobic
conditions. (a) Succinate, (b) Lactate, (c) Acetate, (d) 1,2-Propanediol, (e) Formate, and (f) Ethanol. The enclosed regions represent the
possible solution space. The fluxes were normalized by glycerol uptake rate and expressed as mol/mol (glycerol).

and NAD need to be regenerated through the production
of other byproducts (the biomass synthesis equation in
Appendix A.2). For the glycerol metabolism in anaerobic
condition, only the glycerol to 1,2-propanediol pathway can
consume extra NADH (see (1)) and thus provide the mean
to consume the reducing equivalents generated during the

synthesis of biomass. The conversion of glycerol to ethanol
and formate (see (2)), a redox-balanced pathway, fulfills
energy requirements by generating ATP via substrate-level
phosphorylation (Appendix A.4). The calculation results
were consistent with the experiment observation that 1,2-
propanediol and ethanol were growth-associated products
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Figure 3: The optimum flux distribution of glycerol metabolism for succinate production in E. coli under anaerobic conditions when only
ATP-dependent DHA kinase plays a function.

[13, 14]

glycerol + NADH −→ 1, 2-propanediol + NAD, (1)

glycerol + ADP −→ ethanol + formate + ATP. (2)

The maximum succinate yield under anaerobic condition
is 1.0 mol/mol when CO2 or carbonate salts are added as
cosubstrates and the optimal flux distribution for succinate
production was shown in Figure 3. In this case, there was
no production of biomass and other byproducts. The key

points for this mode were that the phosphorylation of DHA
was only catalyzed by ATP-dependent DHA kinase and PEP
was totally carboxylated into oxaloacetate by PEP carboxylase
and the latter was further transferred into succinate. This
required a very high activity of ATP-dependent DHA kinase
and PEP carboxylase. However, it was reported that the PEP-
dependent DHA kinase plays the main role in E. coli which
dramatically reduced the yield of succinate. With single PEP-
dependent DHA kinase function, there will be no succinate
production [14]. Thus the PEP-dependent DHA kinase is
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Figure 4: The alternative optimum flux distribution of glycerol metabolism for succinate production in E. coli under anaerobic conditions
when only PEP-dependent DHA kinase plays a function and heterogeneous PEP carboxylase (pyc) are introduced and overexpressed in E.
coli.

the bottleneck of succinate production under anaerobic
condition.

3.2. Element Ary Mode Analysis of Glycerol Metabolism under
Aerobic Condition. The aerobic metabolic network model
got 259 elementary flux modes. The relationship between the
yields of products and biomass was shown in Figure 5. It
was indicated that the flux distribution modes under aerobic
condition were completely different from that of anaerobic

condition. The maximum molar yield of biomass under
aerobic condition was 0.725 mol/mol in which only CO2

was produced. The results suggested that aerobic condition
was more favorable for biomass formation and the most
effective way for biomass formation was through the TCA
cycle. The cell growth process was no longer associated with
the production of 1,2-propanedio, formate, and ethanol.
Comparing with the anaerobic condition, the succinate pro-
duction modes were more diversely distributed throughout
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Figure 5: Relationship between the yields of biomass and byproducts for the obtained elementary modes of E. coli under aerobic conditions.
(a) Succinate, (b) Lactate, (c) Acetate, and (d) Ethanol. The enclosed regions represent the possible solution space. The fluxes were
normalized by glycerol uptake rate and expressed as mol/mol (glycerol).

Table 2: Degree of reduction of considered substrates and products.

Glycerol 14

O2 −4

CO2 0

Succinate 14

Ethanol 12

Lactate 12

Formate 2

1,2-propanediol 16

Acetate 8

the feasible solution space, and the corresponding yield
of succinate at the same biomass yield was higher which
indicated that the high potential of succinate production is
associated with the cell growth by metabolic modification
under aerobic condition.

The maximum succinate yield under aerobic condition
(an aerobic mode suggests oxygen consumption) is also

1.0 mol/mol which requires the CO2 or carbonate salts to be
added as cosubstrates, and the optimal flux distribution for
succinate production was shown in Figure 6. The optimal
flux distribution modes were quite similar for the aerobic
and anaerobic conditions. The key point for obtaining high
succinate yield was considered as that PEP was totally
carboxylated into oxaloacetate by PEP carboxylase and the
latter was further transferred into succinate. This required a
very high activity of PEP carboxylase.

The network robustness and its sensitivity to perturba-
tion were critical to the optimal metabolic pathway. The
sensitivity of succinate yield to the flux ratios at the key
branch nodes PEP and acetyl-CoA was considered in this
work. PEP was consumed in reactions R40 and R17 which
are catalyzed by PEP carboxylase and Pyruvate kinase,
respectively; the flux ratio was denoted as

R(40, 17) = R40
(R40 + R17)

. (3)



Journal of Biomedicine and Biotechnology 9

Glycerol

GA-3-P

Fructrose-6-P

Glucose-6-P

Ribose-5-P

Sed-7-P

Erythrose-4-P

2NADPHCO2

NADH

PG

NADH

PEP

ATP

CO2

Formate

Ethanol

Acetate

ATP

Lactate

DHAP

Ribulose-5-P

Xylulose-5-P

Fructrose-6-P

Fructrose-1, 6-P

GA-3-P

ATP

ATP NADHCO2

2NADH

Citrate

Isocitrate

Succinyl-CoA

Succinate

Fumarate

Malate

Glyoxylate

NADPH

NADH

CO2

NADH

NADH

Pyruvate

Oxaloacetate

Acetyl-CoA

ATP

NADH

NADPH

ADP

CO2

Glycerol ext

Lactate ext

Succinate ext

Formate ext

Acetate ext

Ethanol ext
NADH

NAD+ + 2ATPNADH + 2ATP + 1/2O2

100

100

100
100

100

100

100

100

100

100

Glycerol-3-P

100

α-ketoglutarate

Figure 6: The optimum flux distribution of glycerol metabolism for succinate production in E. coli under aerobic conditions.

The influence of flux distribution at PEP node was
shown in Figure 7(a). The succinate yield increased from
0.5 mol/mol to 1.0 mol/mol when R(40, 17) increased from
0 to 1.0. The results showed that increasing the flux
distribution from PEP to oxaloacetate was beneficial for
succinate production. For acetyl-CoA node, it was consumed
in reactions R22, R44, R50, and R53 which are catalyzed by
citrate synthase, aldehyde dehydrogenase, malate synthase,
and phosphate acetyltransferase, respectively. The flux ratio
was denoted as

R(22, 44, 50, 53) = R22
(R22 + R44 + R50 + R53)

. (4)

The influence of flux distribution at acetyl-CoA node
was shown in Figure 7(b). The succinate yield decreased
from 1.0 mol/mol to 0.75 mol/mol when R(22, 44, 50, 53)
increased from 0 to 1.0. The results indicated that decreasing
the flux distribution from acetyl to TCA cycle was beneficial
for succinate production since the carbon would be lost
during the TCA cycle.
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Figure 7: Sensitivity of succinate yield to the relative fluxes at the (a) PEP node and (b) AcCoA node under aerobic conditions. The PEP
node involves the catabolic reactions of R40 and R17 which are catalyzed by PEP carboxylase and pyruvate kinase, respectively. The AcCoA
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Figure 8: Effect of oxygen consumption on the succinate production and biomass formation under aerobic conditions. The enclosed regions
represent the possible solution space. The fluxes were normalized by glycerol uptake rate and expressed as mol/mol (glycerol).

3.3. Effect of Oxygen Consumption on the Production of
Succinate and Biomass. The effect of oxygen consumption on
succinate and biomass production was further investigated
according to the elementary mode analysis; the relation-
ship between the molar fractions of oxygen consumption
and succinate or biomass under aerobic conditions was
calculated and shown in Figure 8. The theoretical succinate
yield decreased as the oxygen consumption ratio increased
(Figure 8(a)). The elementary modes of succinate yield
distributed only on the left part of the solution space,
which indicated that the higher consumption of oxygen was
unfavorable for the succinate production. This is reasonable
from the redox consideration. The higher consumption of
oxygen results in more NAD which is critical for succi-
nate production, to be utilized for the ATP production
through oxidative phosphorylation. Especially as the molar
oxygen consumption fraction of oxygen was more than
1.75 mol/mol, the elementary mode that produced succinate
did not exist.

The theoretical biomass yield increased firstly and then
decreased when the oxygen consumption ratio increased
(Figure 8(b)). This is reasonable and consistent with the
results of electron conservation because the rational increase
of oxygen flux would be favorable for ATP synthesis through
oxidative phosphorylation which is essential for biomass
synthesis. However, high oxygen flux also results in less
carbon source and reducing equivalents available for biomass
because more carbon source would be oxidized to CO2. The
maximum biomass was achieved when the molar fraction
of oxygen was 0.65 mol/mol. Since higher cell concentration
is beneficial for increase of the productivity, the optimal
regulation strategy is controlling the molar fraction of
oxygen consumption less than 0.65 mol/mol.

3.4. Rational Design to Improve the Succinate Production by
Genetic Modifications. Comparing the results of elementary
flux mode analysis above, although the maximum succinate
yields were 1.0 mol/mol under both anaerobic and aerobic
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conditions, the aerobic condition seemed to be more favor-
able for succinate production in fact. The slow cell growth
under anaerobic condition hindered the practical application
of glycerol fermentation for succinate production [33]. What
is more, the association of cell growth with the production of
1,2-propanediol, ethanol, and formate reduced the total yield
of succinate.

As discussed above, to improve the yield of succinate
yield under anaerobic condition, the substitution of PEP-
dependent DHA kinase into ATP-dependent DHA kinase
and overexpressing the PEP carboxylase would be a prior
consideration. An alternative choice is to express the hetero-
geneous pyruvate carboxylase in E. coli. The overexpression
of pyruvate carboxylase could redistribute the flux of pyru-
vate into oxaloacetate for succinate production. The optimal
flux distribution for succinate production in such case could
also reach 1.0 mol/mol which was shown in Figure 4. It
has been reported that expressing the ATP-dependent DHA
kinase and pyruvate carboxylase could both increase the
yield of succinate [14]. Another consideration to increase the
succinate yield is reducing the byproducts production. Since
the production of 1,2-propanediol, ethanol, and formate
is necessary for biomass synthesis, the proper strategy
is reducing the acetate and lactate production. Knockout
of the phosphate acetyltransferase gene (pta) and lactate
dehydrogenase gene (ldh) would be expected to increase the
succinate production.

For the case of aerobic condition, overexpressing the
PEP carboxylase or expressing pyruvate carboxylase would
be a prior consideration as discussed above. Knockdown of
the isocitrate dehydrogenase gene (icd) would enhance the
succinate production since the flux flowed from isocitrate
to alpha-ketoglutarate and succinyl-CoA would result in
the carbon lost. Since acetate is the main byproduct under
aerobic condition [34], knocking out the pyruvate oxidase
gene (poxB) and phosphate acetyltransferase gene (pta) is
also expected to increase the succinate yield.

4. Conclusions

Nowadays, the conversion of byproduct glycerol has attracted
more and more attention with the development of biodesiel
industrial. The potentials of using glycerol for succinate pro-
duction in E. coli under the anaerobic and aerobic conditions
were compared by using elementary mode analysis in this
work. The aerobic conditions seem to be more favorable for
succinate production and the maximum succinate yield was
1.0 mol/mol. Although increase of the oxygen concentration
would reduce the succinate yield, controlling the molar
fraction of oxygen under 0.65 mol/mol would be beneficial
for increasing the succinate productivity. According to the
elementary mode analysis, the rational design was obtained
for improving the succinate production by genetic modifi-
cation under aerobic and anaerobic conditions, respectively.
The results are considered useful for further investigation on
the succinate metabolism of E. coli. The information also
is beneficial for the efficient production of succinate from
glycerol by E. coli.

Appendices

A. Models Used in This Study

A.1. Reactions and Enzymes Involved in Figure 1 (see Table 1).

A.2. The Anaerobic Metabolic Network Model Input File Used
for the Program METATOOL.

(i) ENZREV (reversible reactions)

R10r R11r R14r R15r R16r R23r R26r R27r R28r R29r R31r
R32r R33r R34r R35r R71r R86r.

(ii) ENZIRREV (irreversible reactions)

R1 R2 R3 R6 R7 R13 R17 R21 R22 R24 R30 R40 R41 R42 R43
R44 R50 R51 R53 R60 R70 R80 R81 R82 R83 R84 R85.

(iii) METINT (internal metabolite declaration)

Glycerol DHA DHAP GA-3-P propanediol PG PEP
Pyruvate Acetyl-CoA CoASH Oxaloacetate Citrate Isocitrate
a-Ketoglutarate Succinate Fumarate Malate Glyoxylate
Glucose-6-P Fructrose-6-P Fructrose-16-P Ribulose-5-P
Xylulose-5-P Ribose-5-P Sed-7-P Erythrose-4-P Lactate
Formate Acetate Ethanol NAD NADH ATP ADP NADP
NADPH CO2.

(iv) METEXT (external metabolite declaration)

Glycerol ext Ethanol ext Acetate ext CO2 ext Lactate ext
Succinate ext Formate ext BIOMASS propanediol ext.

(v) CAT

Reactions

(vi) Glycerol specific metabolisms

R1: Glycerol ext = Glycerol.

R2: Glycerol + NAD = DHA + NADH.

R3: PEP + DHA = DHAP + Pyruvate.

R6: DHAP + 2NADH = propanediol + NAD.

R7: DHA + ATP = DHAP + ADP.

(vii) Glycolysis

R10r: DHAP = GA-3-P.

R11r: DHAP + GA-3-P = Fructrose-16-P.

R13: Fructrose-16-P = Fructrose-6-P.

R14r: Fructrose-6-P = Glucose-6-P.

R15r: GA-3-P + ADP + NAD = PG + ATP + NADH.

R16r: PG = PEP.

R17: PEP + ADP = PYR + ATP.

(viii) TCA cycle

R21: PYR + CoASH = Acetyl-CoA + FORMATE.

R22: Oxaloacetate + Acetyl-CoA = Citrate + CoASH.

R23r: Citrate = Isocitrate.
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R24: Isocitrate + NADP = a-Ketoglutarate + NADPH
+ CO2.

R27r: Succinate + NAD = Fumarate + NADH.
R28r: Fumarate = Malate.
R29r: Malate + NAD = Oxaloacetate + NADH.

(ix) Pentose Phosphate Pathway

R30: Glucose-6-P + 2NADP = Ribulose-5-P +
2NADPH + CO2.

R31r: Ribulose-5-P = Xylulose-5-P.
R32r: Ribulose-5-P = Ribose 5 P.
R33r: Ribose-5-P + Xylulose-5-P = Sed-7-P + GA-3-P.
R34r: GA-3-P + Sed-7-P = Erythrose-4-P +

Fructrose-6-P.
R35r: Erythrose-4-P + Xylulose-5-P = GA-3-P +

Fructrose-6-P.

(x) Anapleurotic reactions

R40: PEP + CO2 = Oxaloacetate.
R41: Oxaloacetate + ATP = PEP + ADP + CO2 .
R42: MALATE + NADP = Pyruvate + NADPH +

CO2 .
R43: Isocitrate = Glyoxylate + Succinate.
R44: Glyoxylate + Acetyl-CoA = Malate + CoASH.

(xi) Redox-associated reactions

R50: Acetyl-CoA + 2NADH = Ethanol + 2NAD +
CoASH.

R51: Pyruvate + NADH = Lactate + NAD.
R53: Acetyl-CoA + ADP = Acetate + CoASH + ATP.

(xii) Biomass formation

R60: 0.0206Glucose-6-P + 0.0072Fructrose-6-P +
0.0627Ribose-5-P + 0.0361 Erythrose-4-P +
0.0129GA-3-P + 0.1338PG + 0.0720PEP +
0.2861Pyruvate + 0.2930Acetyl-CoA + 0.1481
Oxaloacetate + 0.1078 a-Ketoglutarate + 1.6548
NADPH + 1.7821ATP + 0.3548 NAD = 2.87
BIOMASS + 1.6548 NADP + 0.2930 CoASH +
0.1678 CO2 + 1.7821 ADP + 0.3548 NADH.

(xiii) Oxidative phosphorylation/maintenance energy

R70: ATP = ADP.
R71r: NADPH + NAD = NADH + NADP.

(xiv) Membrane transport reactions

R80: Lactate = Lactate ext.
R81: Formate = Formate ext.
R82: Acetate = Acetate ext.
R83: Ethanol = Ethanol ext.
R84: Succinate = Succinate ext.
R85: propanediol = propanediol ext.

R86r: CO2 = CO2 ext.

A.3. The Aerobic Metabolic Network Model Input File Used for
the Program METATOOL.

(i) ENZREV (reversible reactions)

R10r R11r R14r R15r R16r R23r R26r R27r R28r R29r R31r
R32r R33r R34r R35r R71r R86r.

(ii) ENZIRREV (irreversible reactions)

R1 R4 R5 R13 R17 R20 R22 R24 R25 R30 R40 R41 R42 R43
R44 R50 R51 R53 R60 R70 R72 R80 R81 R82 R83 R84 R87.

(iii) METINT (internal metabolite declaration)

Glycerol Glycerol-3-P DHAP GA-3-P PG PEP Pyruvate
Acetyl-CoA CoASH Oxaloacetate Citrate Isocitrate a-
Ketoglutarate Succinyl-CoA Succinate Fumarate Malate Gly-
oxylate Glucose-6-P Fructrose-6-P Fructrose-16-P Ribulose-
5-P Xylulose-5-P Ribose-5-P Sed-7-P Erythrose-4-P Lactate
Acetate Ethanol NAD NADH ATP ADP NADP NADPH CO2

O2.

(iv) METEXT (external metabolite declaration)

Glycerol ext Ethanol ext Acetate ext CO2 ext Lactate ext
Succinate ext BIOMASS O2 ext.

(v) CAT

Reactions

(vi) Glycerol specific metabolisms

R1: Glycerol ext = Glycerol.

R4: Glycerol + ATP = Glycerol-3-P + ADP.

R5: Glycerol-3-P + NAD = DHAP + NADH.

(vii) Glycolysis

R10r: DHAP = GA-3-P.

R11r: DHAP + GA-3-P = Fructrose-16-P.

R13: Fructrose-16-P = Fructrose-6-P.

R14r: Fructrose-6-P = Glucose-6-P.

R15r: GA-3-P + ADP + NAD = PG + ATP + NADH.

R16r: PG = PEP.

R17: PEP + ADP = Pyruvate + ATP.

(viii) TCA cycle

R20: Pyruvate + CoASH + NAD = Acetyl-CoA +
CO2 + NADH.

R22: Oxaloacetate + Acetyl-CoA = Citrate + CoASH.

R23r: Citrate = Isocitrate.

R24: Isocitrate + NADP = a-Ketoglutarate + NADPH
+ CO2.

R25: a-Ketoglutarate + NAD + CoASH = Succinyl-
CoA + NADH + CO2.

R26r: Succinyl-CoA + ADP = Succinate + ATP +
CoASH.

R27r: Succinate + NAD = Fumarate + NADH.
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R28r: Fumarate = Malate.

R29r: Malate + NAD = Oxaloacetate + NADH.

(ix) Pentose Phosphate Pathway

R30: Glucose-6-P + 2NADP = Ribulose-5-P +
2NADPH + CO2.

R31r: Ribulose-5-P = Xylulose-5-P.

R32r: Ribulose-5-P = Ribose 5 P.

R33r: Ribose-5-P + Xylulose-5-P = Sed-7-P + GA-3-P.

R34r: GA-3-P + Sed-7-P = Erythrose-4-P +
Fructrose-6-P.

R35r: Erythrose-4-P + Xylulose-5-P = GA-3-P +
Fructrose-6-P.

(x) Anapleurotic reactions

R40: PEP + CO2 = Oxaloacetate.

R41: Oxaloacetate + ATP = PEP + ADP + CO2.

R42: MALATE + NADP = Pyruvate + NADPH +
CO2.

R43: Isocitrate = Glyoxylate + Succinate.

R44: Glyoxylate + Acetyl-CoA = Malate + CoASH.

(xi) Redox-associated reactions

R50: Acetyl-CoA + 2NADH = Ethanol + 2NAD +
CoASH.

R51: Pyruvate + NADH = Lactate + NAD.

R52: Pyruvate = CO2 + Acetate.

R53: Acetyl-CoA + ADP = Acetate + CoASH + ATP.

(xii) Biomass formation

R60: 0.0206Glucose-6-P + 0.0072Fructrose-6-P +
0.0627Ribose-5-P + 0.0361 Erythrose-4-P +
+ 0.0129GA-3-P + 0.1338PG + 0.0720PEP +
0.2861Pyruvate + 0.2930Acetyl-CoA + 0.1481
Oxaloacetate + 0.1078 a-Ketoglutarate + 1.6548
NADPH + 1.7821ATP + 0.3548 NAD = 2.87
BIOMASS + 1.6548 NADP + 0.2930 CoASH +
0.1678 CO2 + 1.7821 ADP + 0.3548 NADH.

(xiii) Oxidative phosphorylation/maintenance energy:

R70: ATP = ADP.

R71r: NADPH + NAD = NADH + NADP.

R72: NADH + 2ADP + 1/2O2 = NAD + 2ATP.

(xiv) Membrane transport reactions

R80: Lactate = Lactate ext.

R82: Acetate = Acetate ext.

R83: Ethanol = Ethanol ext.

R84: Succinate = Succinate ext.

R86r: CO2 = CO2 ext.

R87: O2 ext = O2.

A.4. Degree of Reduction of Considered Substrates and Products
(see Table 2).

Nomenclature

Acetyl-CoA: Acetyl-coenzyme A
ADP: Adenosine diphosphate
ATP: Adenosine triphosphate
DHA: Dihydroxyacetone
DHAP: Dihydroxyacetone phosphate
Erythrose-4-P: Erythrose-4-phosphate
Fructose-6-P: Fructose-6-phosphate
GA-3-P: Glyceraldehyde-3-phosphate
Glucose-6-P: Glucose-6-phosphate
NAD: Nicotinamide adenine dinucleotide
NADH: Nicotinamide adenine dinucleotide
1,2-PDO: 1,2-propanediol
PEP: Phosphoenolpyruvate
PG: Phosphoglycerate
Ribose-5-P: Ribose-5-phosphate
Ribulose-5-P: Ribulose-5-phosphate
Sed-7-P: Sedoheptulose-7-P
Succinyl-CoA: Succinyl-coenzyme A
Xylulose-5-P: Xylulose-5-phosphate.
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Characterizing the capabilities, key dependencies, and response to perturbations of genome-scale metabolic networks is a basic
problem with important applications. A key question concerns the identification of the potentially most harmful reaction
knockouts. The integration of combinatorial methods with sampling techniques to explore the space of viable flux states may
provide crucial insights on this issue. We assess the replaceability of every metabolic conversion in the human red blood cell
by enumerating the alternative paths from substrate to product, obtaining a complete map of he potential damage of single
enzymopathies. Sampling the space of optimal steady state fluxes in the healthy and in the mutated cell reveals both correlations
and complementarity between topologic and dynamical aspects.

1. Introduction

Understanding metabolic activity from the underlying geno-
type is one of the most addressed problems in computational
biology. Of particular interest is the issue of the identification
of the reactions that are indispensable for an organism to
survive, grow or perform a specific function in a given
growth medium or, conversely, of the potentially most
harmful knock-outs or enzymopathies. Several experimental
protocols are able to assess the essentiality of gene products
(and hence of the corresponding metabolic reactions), rang-
ing from individual knock-outs to transposon mutagenesis
and RNA interference [1–5]. Computational approaches on
the other hand might provide important clues on the system-
level organization by investigating genome-scale network
reconstructions.

The functional modularity of metabolic networks sug-
gests that topological aspects may provide a key to identify
a class of essential pathways [6, 7]. However the metabolic
genotype only constitutes the frame on the top of which
the dynamic phenotype is built. The essentiality of a
metabolic pathway will in general depend on both structural
considerations based on the network reconstruction from

genomic information, and on the “model of metabolism”
defined on it, for example, on the corresponding steady
state fluxes. In E.coli, phenotypical essentiality of metabolic
genes has been associated with a reduced allowed variability
of the corresponding fluxes, suggesting that dynamically
stiff reactions may constitute an evolutionarily robust
backbone of metabolism conserved over different species
[8].

Here we attempt a more thorough integration of topo-
logical and dynamical views to obtain a more comprehensive
insight into a metabolic network’s organization, efficiency,
and ability to respond to perturbations. We will first associate
the essentiality of a reaction with a measure of its topological
replaceability by enumerating the alternative paths from
substrate to product along the network edges, with the
rationale that from a purely structural viewpoint more
replaceable reactions are less likely to be crucial nodes of the
network. Then we will validate and compare the essentiality
map thus obtained with the metabolic phenotype resulting
from the definition of a general constraint-based model for
metabolic flux prediction. We shall see that dynamical and
structural measures of essentiality may offer complementary
views of a reaction network’s robustness.
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We carry out our analysis on the metabolic network of
the human red blood cell (hRBC), one of the most studied
complexes in systems biology, from the earliest mathematical
models of single biochemical pathways [9, 10] to the
currently available genome-scale reconstructions [11]. The
reason for this choice lies essentially in its limited size. On
the one hand, it allows to compute reaction replaceabilities
exactly by a suitable modification of Johnson’s algorithm
for counting loops in a directed graph [12]. On the other,
it allows for the efficient application of various sampling
methods to the space of viable flux states [8, 13]. The latter
is a vital ingredient to address many important properties
of erythrocytes. Indeed for some organisms under certain
conditions it is reasonable to assume that the metabolic
activity is aimed at maximizing a subset of the metabolic
reactions (or a function of them) associated with a cer-
tain biological function. In such cases the relevant flux
configuration can be computed by standard optimization
algorithms. For example, E. coli’s metabolism has been
shown to maximize biomass production under evolutionary
pressure [14], but after a genetic knockout it responds with
a minimum rearrangement of fluxes [15]. While the produc-
tion of the cofactors ensuring the maintenance of osmotic
balance and the release of oxygen may be argued to be their
metabolic goal, erythrocytes do not generically allow for such
a simplification. Information-rich directions in flux space
must be retrieved by coupling the underlying constraints
on fluxes with other types of analyses. Much understanding
has indeed been obtained from the uniform sampling of
feasible states [13, 16, 17] and by functional studies, like
the computation of extreme pathways [18], of metabolic
regulatory structures [19, 20] and of metabolic pools [21].
These aspects combined make hRBCs a key benchmark for
both theories of metabolism and computational tools.

It is worth noting that the detailed structural informa-
tion we derive (i.e., the full map of alternative paths for
each substrate/product pair) cannot be retrieved by other
methods. Unluckily, computation times still prevent scaling
the approach we employ up to networks larger than a few
hundred nodes. More refined algorithms are currently being
developed to overcome this limitation.

2. Approach

2.1. Structural Analysis. Given a reaction network, we want
to compute, for any pair of metabolites a and b that
are, respectively, substrate and product in a reaction i

(this situation will be indicated by a
i−→ b), the number

N (i)
a→ b(�) of alternative pathways, excluding reaction i, of

length � allowing for the conversion a → b, see Figure 1.
The rationale is that a reaction performing a metabolite

conversion a
i−→ b for which N (i)

a→ b(�) (or, more properly,
∑

� N
(i)
a→ b(�)) is large will be more easily substituted, in case

of an enzymopathy or a knockout, than one for which the
above quantity is small.

Finding paths connecting two points of a directed
network is a long-studied problem in computer science. The
focus is usually on locating the shortest paths or the fastest

a′

R

a c

d

e

b

· · ·

· · · · ·
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· ·
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···

··
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Figure 1: Bipartite graph representation of a reaction network,
with circles (resp. squares) denoting reactions (resp. metabolites).
Here, reaction R uses metabolites a and a′ as substrates to produce
metabolite b. If R is removed, the conversion of a to b is still
permitted by the alternative pathway a → c → d → e → b. When
R is fictitiously reversed, this chain forms a directed loop of length
5 reactions, formed by R and by a path passing through � = 4 other
reactions.

way to find any path. Enumerating all the distinct paths
between two vertices is however a less confronted issue. In
our case it is crucial to avoid overcounting, for example,
due to self-intersecting paths. Therefore we shall resort to an
exhaustive algorithm. We will identify the substitutive paths
using the following trick: for each pair (a, b) of metabolites

such that a
i−→ b, revert i fictitiously. This results in a new

graph where an auxiliary edge b
i−→ a replaced the edge

a
i−→ b, see again Figure 1. Counting the number of alternative

reaction chains producing b from a then comes down to
computing the number of directed cycles, that is, non self-
intersecting directed closed paths along the edges of the new

graph, passing through the fictitious edge b
i−→ a. Thanks to

the limited size of the hRBC network it is possible to solve
this enumeration problem exactly via Johnson’s algorithm

[12], briefly described in the following section. N (i)
a→ b(�) can

now be trivially inferred. For simplicity, � will denote here
the number of reactions in the alternative pathway (� = 4 in
Figure 1).

2.2. Flux Analysis. The space of viable fluxes will be defined
through a constraint-based approach which relies on more
general assumptions than flux-balance analysis (FBA, [22]).
FBA is the standard method to model steady-state reaction
networks where mass balance constraints are imposed to
every metabolite. For a reaction network with N reactions
and M metabolites, let us denote by A and B, respectively,
the M × N matrices of output and input stoichiometric
coefficients. The stoichiometric matrix is given by S = A−B.
Letting ν = (νi)

N
i=1 denote a vector of fluxes (with properly

chosen bounds νmin
i ≤ νi ≤ νmax

i ), the concentrations



Journal of Biomedicine and Biotechnology 3

c = (ca)Ma=1 of metabolites vary in time according to ċ =
Sν − u, where u = (ua)Ma=1 stands for the net cellular uptake
of metabolite a (ua > 0 if a is a global output of metabolism,
ua < 0 if a is consumed by the organism, ua = 0 if a is mass-
balanced). Assuming a steady state, the concentrations are
constant in time (i.e., ċ = 0) and vectors ν satisfying Sν = u,
or

(A− B)ν = u, (1)

represent flux configurations ensuring that each metabolite
meets its production or consumption constraints at fixed
concentrations. As N is typically larger than M, the system is
underdetermined and feasible flux states form a convex set of
dimensionN-rank(S) embedded in theN-dimensional space
of fluxes. In absence of a selection criterion that allows to
pick one solution out of this set (as e.g., a maximum biomass
principle), a uniform sampling of the solution space should
be carried out. When N is sufficiently small (as for hRBCs),
this can be achieved effectively, albeit at a considerable
computational cost, by Monte Carlo methods [13, 16] or by
message-passing procedures [17].

Here we will consider a different but related flux scheme
based on Von Neumann’s (VN) model of reaction networks
[8]. In the VN framework, one fixes the environment
through a small set of intakes on nutrients and defines
a self-consistent flux problem where the network chooses,
given a target growth rate, how much of the nutrients
to use and which metabolites are globally produced. Mass
balance then emerges as a property of the solutions for some
metabolites.

The equations describing the VN model have been
studied by statistical mechanics methods in [23, 24]. For
an intuitive derivation, note that the quantities Aν and Bν
represent, respectively, the total output and the total input of
each metabolite for a given flux vector ν. Then a flux vector
such that Aν ≥ ρBν, with some constant ρ > 0, describes
a network state where metabolites are being produced at
a rate at least equal to ρ, since for each of them the total
output is at least ρ times the total input. It is simple to see
that as ρ increases the volume of such flux vectors shrinks
continuously (for ρ = 0 every flux vector is a solution).
In particular, there exists a value ρ� of ρ, representing
the maximum metabolic production rate compatible with
the stoichiometric constraints, above which no suitable flux
vectors exist. The presence of conserved metabolic pools [25]
implies ρ� = 1 [26], so that in metabolic networks optimal
steady state fluxes correspond to the solutions of

(A− B)ν ≥ 0. (2)

The solutions of (2) do not coincide with those of (1)
even for u = 0. Interestingly, a finite volume of (optimal)
flux states turns out to satisfy the above constraints [8]. This
trait is at odds with both the behavior of the solutions of
(2) for a random reaction network (where a single solution
survives at ρ� [24]) and with the optimization that is usually
coupled to FBA (where typically a single flux state maximizes
the objective function), and points to the robustness of
metabolic phenotypes. For E.coli, in particular, the solutions
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Figure 2: Scheme of the hRBC metabolic network used in our
analisys. Squares correspond to metabolites, numbers to reactions
(see Table 1).

of (2) have been shown to reproduce both the large-
scale organization of fluxes and the individual measured
rates. In addition, fluxes with the smallest solution-to-
solution fluctuations, representing the most susceptible parts
of the network, turn out to be strongly correlated with
E.coli’s phenomenologically essential genes [8]. The main
technical advantage in using the VN scheme lies in the fact
that its solution space can be sampled uniformly at very
modest computational costs even for genome-scale models.
The algorithm allowing for this, which has been recently
applied to sample E.coli’s solution space [8], is detailed
in the following section. Its running times for hRBCs are
negligible.

3. Methods

3.1. Reconstructed Network. We consider the hRBC meta-
bolic network studied in [16], a map of which is shown
in Figure 2; Table 1 lists reactions and the corresponding
abbreviations. The network comprises three main pathways,
namely, glycolysis (reactions 1–13), the pentose phosphate
(PP) pathway (14–21) and the adenosine metabolism, with
a total of M = 39 metabolites linked by N = 59 reactions:
49 internal reactions (34 of which come from the splitting
of 17 reversible processes), 3 auxiliary fluxes to maintain
the osmotic equilibrium and the redox state of the cell
(ATPase, NADHase, NADPHase) and 7 uptake reactions
to guarantee the intake of the necessary nutrients (GLU,
ADE, ADO, INO), and of the cytosol elements (H2O, H,
Pi). The forward and backward parts of reversible reactions
are treated separately throughout this study, both in the
structural and in the flux analysis.
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Table 1: List of reactions considered in this work, including the corresponding number in the map of Figure 2, the abbreviation and the
process. The 7 uptake fluxes, numbered 36 to 42, are as shown in Figure 2.

No. Abbreviation Chemical reaction

1 HK GLU + ATP → G6P + ADP + H

2 PGI G6P↔ F6P

3 PFK F6P + ATP → FDP + ADP + H

4 ALD FDP↔ GA3P + DHAP

5 TPI DHAP↔ GA3P

6 GAPDH GA3P+NAD+ Pi ↔ 13DPG+NADH+H

7 PGK 13DPG + ADP↔ 3PG + ATP

8 DPGM 13DPG → 23DPG + H

9 DPGase 23DPG + H2O → 3PG + Pi

10 PGM 3PG↔ 2PG

11 EN 2PG↔ PEP + H2O

12 PK PEP + ADP + H → PYR + ATP

13 LDH PYR + NADH + H↔ LAC + NAD

14 G6PDH G6P + NADP → 6PGL + NADPH + H

15 PGL 6PGL + H2O↔ 6PGC + H

16 PDGH 6PGC + NADP → RL5P + NADPH + CO2

17 RPI RL5P↔ R5P

18 XPI RL5P↔ X5P

19 TKI X5P + R5P↔ S7P + GA3P

20 TA GA3P + S7P↔ E4P + F6P

21 TKII X5P + E4P↔ F6P + GA3P

22 PRPPsyn R5P + ATP → PRPP + AMP

23 PRM R1P↔ R5P

24 HGPRT PRPP + HX + H2O → IMP + 2Pi

25 AdPRT PRPP + ADE + H2O → AMP + 2Pi

26 PNPase INO + Pi↔HX + R1P

27 IMPase IMP + H2O → INO + Pi + H

28 AMPDA AMP + H2O → IMP + NH3

29 AMPase AMP + H2O → ADO + Pi + H

30 ADA ADO + H2O → INO + NH3

31 AK ADO + ATP → ADP + AMP

32 ApK 2ADP↔ ATP + AMP

33 ATPase ATP → ADP + Pi

34 NADHase NADH → NAD + H

35 NADPHase NADPH → NADP + H

3.2. Structural Analysis. Structural vulnerabilities are iden-
tified by analyzing the loop structure of a modified
metabolic reaction network, created from the original one by
inverting—in turn—the direction of the single reaction for
which we want to compute the replaceability, as explained
in Figure 1. The fastest known exact algorithm (for the
worst case scenario) of this cycle enumeration problem for
a directed graph was introduced by Johnson [12]. We shall
now shortly describe its key ideas, referring to [12] for a
pseudocode.

Given a directed graph with n vertices and e edges, the
algorithm is designed to build non self-intersecting paths
from a root vertex r to itself, loading them onto stacks. The

main ingredients allowing for an optimal exploration of the
graph are (a) a smart choice of the root vertex, and (b) an
efficient method to avoid duplicating cycles and repeating
searches on the same portions of the graph. To achieve this,
vertices are initially ordered in a lexicographic sequence, and
the algorithm only selects as roots those nodes that are the
“least” vertex (in the initial ordering) of at least one cycle.
The algorithm described in [27] guarantees to find such
vertices in O(n + e) operations. Moreover, to avoid self-
intersections, each time a node is loaded onto a stack it
is also given a “blocked” status. It was proven by Johnson
that if a vertex v stays blocked as long as every path from
v to the root vertex r intersects the current path at a vertex
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other than r, the algorithm outputs all cycles exactly once. By
sufficiently delaying the unblocking of each of these vertices
and by keeping track of the portions of the graph that have
been searched holding the current stack, the maximum time
that can elapse between two consecutive cycle outputs can be
reduced to O(n + e). The same holds for the time window
before the first cycle is delivered and for the one after the
output of the last cycle. Hence, the total time needed to list
the, say, c cycles of the graph is O((n+ e)(c+ 1)). In our case,
each fictitious reaction reversal generates a new graph, so that
computing the complete substitutability map for a network
of N reactions requires a time of the order O(N(n + e)(c +
1)). For practical reasons, we perform this analysis on the
bipartite metabolic network (as in Figure 1) rather than the
reduced network of Figure 2. This implies that in our case
n = N +M.

One can in principle consider different measures of

replaceability of a metabolic conversion a
i−→ b. The quantity

R(i)
a→ b =

∑

� N
(i)
a→ b(�), counting the total number of paths

alternative to i from a to b of any length, is perhaps the
most obvious option. Taking into account the fact that,
typically, longer detours can be less convenient than shorter
ones from an energetic viewpoint one could instead consider

�-weighted functions like W (i)
a→ b = ∑

� exp(−�)N (i)
a→ b(�),

with the caveat that shorter pathways might require more
ATP than longer ones. R-based and W-based rankings
of metabolic conversions are rather different. They are
fully available from http://chimera.roma1.infn.it/SYSBIO. To
focus on the basics, here we limit ourselves to identifying
three key reaction groups that are independent of the
replaceability measure used:

(a) the group of reactions such that each substrate-
product pair involved in them can be substituted (this
is putatively the part of the network that is most
robust to enzymopathies);

(b) the group of reactions that cannot be substituted,
corresponding to the most harmful enzymopathies;

(c) the group of reversible reactions that are only replace-
able in one direction, corresponding to the situation
in which a conversion a ↔ b can only be substituted
in one direction in case of a knockout.

All essentiality maps we show relate to this classification.
Note that, for topological reasons, intakes are not replaceable.

3.3. Flux Analysis. Optimal flux vectors, that is, solutions
of (2), are computed by the algorithm introduced in [24]
based on [28]. The idea is to modify fluxes iteratively until
all inequalities in (2) are satisfied. Specifically, for a fixed
0 ≤ ρ < ρ� (with ρ� = 1 in our case) define Ξ(ρ) = A − ρB
and let ξa(ρ) denote the rows of Ξ(ρ), for a ∈ {1, . . . ,M}. Let
also, for each iteration step t, ν(t) be the flux vector at step t
and

m(t) = arg min
a

ξa
(

ρ
) · ν(t), (3)

At each t, the algorithm runs as follows. If ξm(t)(ρ) · ν(t) < 0,
update fluxes according to

νi(t + 1) = max
{

0, νi(t) + ξm(t)
i

(

ρ
)}

, (4)

and iterate in t. Else, if ξm(t)(ρ) · ν(t) ≥ 0 stop, that is, ν(t) is
a solution.

Convergence to a solution is rigorously ensured for all
0 ≤ ρ < ρ�, and ρ� can be approximated with the desired
resolution by iterating the above process for increasing values
of ρ [24]. To guarantee that solutions are well defined one
can either resort to setting fixed upper bounds on νi’s or, as
we do, impose a linear constraint of the form

∑

i νi(t) = N
on the solutions (this is equivalent to singling out one flux
as the reference unit for the other fluxes). It is convenient to
initialize the algorithm with a random vector ν(0). Different
initial points generate trajectories to different solutions at ρ�

and the sampling of the solution space thus obtained turns
out to be uniform [8].

Contrary to FBA, the solution space of VN’s model is
generically not a polytope. Indeed much useful information
can be retrieved from its shape. As a means to characterize it
we employ the average overlap between different optimal flux
vectors, defined as follows. Let να and νβ denote two distinct
solution vectors of (2) and, for each flux i, let

qαβ(i) = 2νiανiβ

ν2
iα + ν2

iβ

. (5)

This quantity, called the “overlap” between solutions α and
β, equals 1 if flux i takes on the same value in solutions
α and β and decreases as the values differ more and more.
Averaging qαβ(i) over different pairs of solutions provides a
measure of the allowed variability of flux i (smaller variability
corresponds to larger average overlap), complementary to
the standard deviation of the resulting flux distribution.
The complexity of the solution space can then be roughly
understood by distinguishing narrower directions with larger
overlap or less variable fluxes from broader ones. It is reason-
able to think that a cell will be more sensitive to perturbations
(e.g., knockouts) of fluxes with larger overlap. Analyzing the
susceptibility of the solution space to perturbations along the
directions identified by different fluxes then allows to extract
a list of the potentially more deleterious perturbations, in
analogy with previous work on E.coli [8].

3.4. Response to Enzymopathies. In order to test the hRBC
network against enzymopathies, we can focus on two types
of perturbations. One can first employ a structural criterion:
the knockout of a metabolic conversion a → b that is less
easily “substituted” is more likely to be deleterious for the
cell than the knockout of a highly replaceable conversion.
As said above, we concentrate here on a coarse-grained
view of replaceability based on classifying reactions into the
groups (a), (b), and (c) defined above, with groups (b) and
(c) containing potentially essential reactions. The second
criterion is based on fluxes: fluxes with smaller allowed
variability (i.e., larger overlap) in the healthy cell are more
likely to be essential links of the network than fluxes whose
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Figure 3: hRBC’s structural reaction replaceability map. Thick
black arrows denote unreplaceable reactions (group (b) above);
thick white-filled arrows denote reversible reactions that can be
replaced only in the direction indicated by the arrow (group (c));
all other reactions are fully replaceable (group (a)).

value can be changed over a larger range without losing
optimality.

As is to be expected, the essentiality maps produced in
these ways have a large degree of similarity, and reactions in
the group (b) discussed above coincide with the physiologi-
cally most critical parts of hRBC’s metabolism. The simplest
way to simulate an enzymopathy on flux i is to constrain
its value below a certain upper bound νi. Deficiencies can
be partial, that is, of a smaller degree, the closer νi is to the
upper limit of the allowed range in the healthy cell, or total if
νi = 0. Such constraints cause in principle a modification
of the solution space along the direction i which in turn
cascades on the entire volume, modifying the optimal states
of the metabolic network.

4. Results

4.1. Structural Analysis. The substitutability map derived
from the loop analysis is displayed in Figure 3. (For the
sake of simplicity we exclude the highly replaceable currency
exchange fluxes from this discussion.) The most replaceable
core of the network lies in the PP pathway (reactions 17–
21), which constitutes the main source of NADPH, the
key metabolite that in erythrocytes limits the accumulation
of peroxides protecting the cell from hemolysis. The high
reliability coming with replaceability partly explains the
reason why this group of reactions plays a central role
not just as an auxiliary pathway for glycolysis, see the
following analysis of fluxes. Unreplaceable reactions are
instead lined up along glycolysis (numbers 1,6,8–13), in

the bridge between glycolysis and the PP-pathway (14 and
16) or in auxiliary modules (22, 27, 29; the ADE→AMP
conversion in 25 is also not replaceable being directly linked
to the ADE uptake). The physiologically most deleterious
knockouts (HK, PK, and G6PDH) all belong to this group.
For instance, deficiency in the level of G6PDH is the basis
of different types of hemolytic anemias, including favism,
and is also linked to malaria resistance [29]. Finally, there
is a group of reversible reactions (numbers 2, 4, 7, 15, 23,
26) that can be replaced only in one direction. Note however
that the last three of these could still be replaced in case of an
enzymopathy if a proper medium is selected. For instance,
if reaction 15 is removed, it could be substituted by an
alternative chain of reactions provided 6PGC is externally
supplied. This is instead not possible for reaction 4 and
possibly 23 (depending on the directionality of reaction 26),
as a knockout in these cases would necessarily result in a net
production of FDP and R1P.

4.2. Flux Analysis. The flux distribution corresponding to
optimal states in the healthy and enzyme deficient hRBC
are displayed reaction by reaction in Figure 4, obtained
by sampling 10000 solutions of (2), while a pictorial
representation of the optimal flux states is given in Figure 5.
For the healthy cell (black line in Figure 4 and top left
panel in Figure 5) the large flux backbone is formed by
the second part of glycolysis (crucial for ATP, NADH,
and 23DPG production) and the PP pathway (NADPH
production). The latter gives a substantial contribution to the
former, not just as salvage way. The adenosine metabolism
shows instead lower flux values. In addition to GLU, which
is the fundamental substrate for hRBCs, the INO uptake
plays an important role as an alternative way to the PP
pathway. It is worth stressing that these solutions imply a
net production of 23DPG, the crucial regulator for oxygen
release, which is obtained without any imposed constraint.
This picture is strongly reminiscent of the first eigenpathway
obtained by extreme pathways analysis in [19], though the
thermodynamic constraints and production requirements
used in [19], including one on 23DPG, are more strict
than the self-consistent analysis presented here. Comparing
the distributions with FBA studies on the same system
[16], one notices instead a general rearrangement of fluxes
in the network apart from glycolysis. A close inspection
reveals that such a rearrangement is mostly quantitative, as
preferred reaction directions are generically preserved, the
noteworthy exception being the RPI flux, that in the VN
solution strengthens the PP pathway with respect to the FBA
solution. This scenario is not surprising in view of the basic
difference between FBA and the VN approach. It should be
kept in mind however that the a priori constraints on flux
variability are quite more strict in FBA than they are in the
VN model, and the flux distribution appear to be particularly
sensitive to the assumed upper and lower bounds for the
fluxes.

In Figure 6 we report the overlap map of the hRBC.
Comparing this with Figure 3 one sees that the large overlap
backbone (signaling dynamically stiff fluxes) coincides to
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Figure 4: Distributions of differential fluxes (measured for each reaction by the difference between the direct and the reverse flux, when
possible) for the healthy cell (thick black lines) and for the hRBC with knockout PK (thick gray lines) e G6PDH (dashed lines).

a large degree with the structurally most vulnerable parts
of the network. Note that the overlap of reactions 2, 4, 15
and 26 is larger in the direction that cannot be replaced,
further pointing to a higher susceptibility, and that currency
reactions (31–35) belong to the most constrained part of the
network. Revealingly, however, topological and dynamical
characterizations prove to be complementary in some cases.
This is seen, for example, from reaction 3, which is flux-
constrained but also highly replaceable, so that the damage
due to removal is limited even in presence of a small allowed
dynamical range. (A similar picture holds for reaction 23.)

To conclude, we remind that in our framework uptake
fluxes are optimized variables not fixed by boundary condi-
tions. In the optimal state five of the uptakes have a limited
allowed variability, implying rather severe constraints on the
cell’s environment.

4.3. Response to Enzymopathies. We have simulated the
most studied enzymopathies by constraining the flux of
the corresponding reaction. Generically speaking, the hRBC

metabolism displays a large resilience against partial pertur-
bations. Indeed, we have observed appreciable differences in
relevant cellular functions compared to the nondeficient case
only under full enzyme deficiencies, as also observed in [11]
within a standard FBA optimization approach. Even under
the most serious enzyme deficiencies the network appears
to be able to maintain the production of ATP, NADH and
NADPH almost constant, see also [30]. We focus here on PK
and G6PDH deletions. As shown in Figure 4, the alterations
in the flux distributions are not particularly striking and
indeed we do not observe global flux rearrangements on the
network’s scale. The G6PDH enzymopathy appears to only
cause local changes, confirming the structural predictions,
the overlap calculations and also in agreement with clinical
observations [31]. The response to PK knockout is instead
more marked. The synoptic analysis of Figure 5 shows
that in general the response to the perturbation consisted
in a drop of the GLU uptake, and in a reduction of
the glycolytic flux, while the Rapoport-Leubering shunt
(reactions 8-9) for the production of 23DPG remains
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Figure 5: Maps of fluxes in the healthy hRBC (a) and flux rerouting in three full enzymopathies: PK (b), G6PDH (c) and HK (d). The thick
arrows are dark grey if the reaction rates diminish with respect to the healthy cell, light grey if they are higher, black if they remains the same.
The widths of the arrows are proportional to the mean value of the corresponding distributions.

particularly stable, as does the adenosine metabolism. For
the glycolytic deficiencies PK and HK we further observe
an increase of the INO uptake to sustain the PP pathway
and allow for the second part of glycolysis, and with it
the production of ATP and NADH, to take place. Detailed
flux configurations corresponding to the next most severe
enzymopathies (HK, EN, PGK and PGM) are available from
http://chimera.roma1.infn.it/SYSBIO.

5. Final Remarks

In this work we compare two robustness measures for
biochemical networks, one based on structural properties
(the reaction replaceability), the other based on dynamical
stiffness (the overlaps). The former can be exactly assessed
by enumerating the alternative paths joining substrates and
products of a given reaction in a network. The latter depends
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Figure 6: Large overlap backbone of hRBC: thick black arrows
mark reactions with an overlap larger than 0.9 in an optimal healthy
cell.

on both the network topology and the model defined on it.
Within VN’s frame, we found that unreplaceable reactions
mostly correspond to processes with a smaller allowed flux
variability. In such directions, reaction removals as well
as constraints on the fluxes are expected to be generically
harmful. Reactions with limited (but non zero) replaceability
tend to have instead smaller overlap, so that while the
reaction is difficult to substitute still its flux can be largely
adjusted. In an evolutionary perspective [32], the former
pathways appear as “frozen”, and perturbations at these
nodes will require large-scale flux rearrangement, while a
mutation affecting the latter group may be neutral and could
be preserved across generations. Interestingly, some reactions
have both a large overlap and a large replaceability. These,
albeit structurally robust, are dynamically constrained and
should be considered as essential pathways of the metabolism
as well. Integrating dynamical and structural characteriza-
tions may thus provide a rather complete picture of the
emerging network robustness. The fact that topological and
dynamical essentiality may not coincide could also prove to
be important in view of the present challenges to understand
the dynamical basis of topological modularity [33].

Extended flux state sampling was achieved here by an
algorithm that is easily scalable to larger networks, see [8].
Exhaustive structural analysis instead was made possible by
the small size of hRBC’s metabolic network, which has served
here as a model system to test basic concepts and algorithms.
The use of the same procedure on a larger network, such as E.
coli’s, is likely to be prevented by CPU time growth. However,
message-passing algorithms, designed specifically to solve
combinatorial optimization or counting problems—albeit
approximately—on graphical models, may be a suitable
replacement [34].
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The human red blood cell (RBC) has long been used for modeling of complex biological networks, for elucidation of a wide variety
of dynamic phenomena, and for understanding the fundamental topology of metabolic pathways. Here, we introduce our recent
work on an RBC metabolic model using the E-Cell Simulation Environment. The model is sufficiently detailed to predict the
temporal hypoxic response of each metabolite and, at the same time, successfully integrates modulation of metabolism and of the
oxygen transporting capacity of hemoglobin. The model includes the mechanisms of RBC maintenance as a single cell system and
the functioning of RBCs as components of a higher order system. Modeling of RBC metabolism is now approaching a fully mature
stage of realistic predictions at the molecular level and will be useful for predicting conditions in biotechnological applications
such as long-term cold storage of RBCs.

1. Introduction

Systems level behaviors occur as a consequence of synergistic
interactions between individual components that can func-
tion as single systems, but can also affect the dynamic state of
other components. To understand how components interact
in biological systems, which exhibit nonlinear behaviors,
not only the network structure of the system, but also all
relevant components of the system need to be integrated in a
quantitative manner. Systems biology has emerged to address
these problems, using a combination of computational and
experimental analyses [1, 2].

Kinetic and dynamic modeling is one of the most useful
approaches in systems biology [3]. The E-Cell project was
launched in 1996, early in the systems biology and -omics
technology era, with the aim of developing whole-cell-scale

mathematical models [4, 5]. Although a number of bio-
simulation-specific platforms have been released recently [6],
the approach of E-Cell in a fully object-oriented fashion
is unique and allows for multitimescale/multialgorithm
simulations [7, 8].

When a dynamic mathematical model is obtained, mul-
tiple analyses can be conducted to elucidate the fundamental
design principles of a biological system [9, 10]. Such models
enable researchers to examine experimentally intractable sys-
tems; for example, maintenance of homeostasis in organisms
in vivo can be mimicked in silico, with large approximations,
but not in vitro. Additionally, experimentally costly analyses
such as comprehensive sensitivity analysis of an enzyme
activity in response to perturbation of all components of
the systems’ networks can be modeled. Furthermore, a
successful model that can represent the dynamic behavior of
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the target system in the intended environment can be used to
predict how the system responds to an external physiological
stimulus or to modification of each component in the
system, which would be extremely useful for development of
biotechnological applications.

The metabolic network in human red blood cells
(RBCs) has been the subject of mathematical modeling
for the past three to four decades. As discussed below, a
number of detailed models of RBC metabolism have been
developed with various levels of abstraction, and many
studies analyzing these models have produced a deeper
understanding of the regulatory properties of metabolic
pathways and provided novel insights for implementation
of both mathematical analysis and metabolic engineering
strategies, which can then be applied to many other cell types.

Our model of RBC metabolism using the E-Cell Simula-
tion Environment focuses on the interrelationship between
metabolism and the functional aspects of RBC physi-
ology, including factors affecting allosteric transitions of
hemoglobin and recent findings regarding the assembly of
intracellular proteins at the plasma membrane. Our model
successfully reproduced the temporal response to hypoxia,
previously measured by metabolome analysis [11]. The
model was then used to predict the metabolic status of RBCs
in long-term cold storage, with the goal of optimizing the
storage conditions [12].

2. The E-Cell System as a Cell
Simulation Environment

Modeling of biological systems requires suitable abstraction
of the system considering the amount, size, and speed of
reactions, as well as many other factors. This process includes
making decisions as to whether continuous processes should
be broken down into discrete steps or, if treated as con-
tinuous processes, using deterministic or stochastic rules
for modeling the process. The E-Cell System provides the
simulation platform for use of these calculations to model
separately, and/or in combination, multialgorithm/multi-
timescale simulations [7].

E-Cell models have three fundamental object classes:
“variable”, with the option of either molar concentration
units or value units, “process”, for writing operations on
the variables, and “system” for identifying logical and/or
physical compartments with/without volume that contain
the variables and processes. This object-oriented approach
enables intuitive description and prevents mistakes in model-
ing because of the one-to-one correspondence between each
chemical process and reaction process in the E-Cell model.
At the same time, once the reaction-module (“process” in
the E-Cell System) has been created and defined, the module
is easily reusable not only in the same model but also in
another models. Similarly, the calculation algorithm itself
can be modified or extended as a module and switched easily
by rewriting one line of the model file, for example, from a
deterministic to a stochastic model.

The system is written in C++ to maximize calculation
speed and the frontends are easily scriptable and extensible

using the Python language. Using Python scripts, users
can program the rules for simulation sessions as well as
the simulation conditions themselves in a given session;
for example, initial parameter settings, time-dependent or
concentration-dependent perturbations, or the output form
of the simulation results. Some widely used methods of
ODE model-based mathematical analysis have been already
provided in the E-Cell Simulation Environment. These
include sensitivity analysis, bifurcation analysis, Metabolic
Control Analysis (MCA), and real genetic algorithms for
parameter optimization.

In the case of large-scale pathways such as whole RBC
metabolism, object-oriented modeling is necessary to ensure
accuracy. In addition, its extensibility is also very helpful for
parametric tuning of the model.

However, due to the lack of a user-friendly Graph-
ical User Interface (GUI) for the display of modeling,
in silico experimentation, and simulation results, the E-
Cell System has been difficult to use, especially for biol-
ogists. Recently, the E-Cell IDE (Integrated Development
Environment), a GUI -based simulation toolkit for Win-
dows, was developed in order to allow non-expert users
to edit, run, and analyze the E-Cell model (Figure 1).
The pathway editor allows users to generate new path-
ways or customize existing pathway maps, and to set
values/concentrations, reactions, and parameters directly
using the GUI toolkit. This system can also read and
write models in SBML (Systems Biology Markup Language)
format [13], which is the most common markup language
for making the models compatible with other cell sim-
ulators, for example, Copasi [14], DBSolve [15], Virtual
Cell [16], Systems Biology Workbench (SBW [17]), and
XPPAUT (http://www.math.pitt.edu/∼bard/xpp/xpp.html).
The E-Cell IDE provides a visual representation of the
dynamics of the simulation on the pathway map by varying
the size and width of each node or edge, respectively. The
GUI tools enable the user to conduct classical mathematical
analyses, such as parameter estimation, using a real number
genetic algorithm and metabolic control analysis. Users can
also perform CUI (Command-line User Interface)-based
simulations and analyses for more complex or large-scale
operations, such as situations in which the automation of
many simulations or parametric computing is needed.

Development of the next-generation E-Cell System (E-
Cell Version 4) has started by aiming to simulate biological
events at the molecular level, so that we can assess “cellular
space” issues such as molecular fluctuation, localization,
and crowding, while keeping complete compatibility and
combinability with the current version (E-Cell Version 3). A
detailed description, the current status, and the future vision
of the E-Cell Simulation Environment are provided in recent
works [7] and the project web page [8].

3. Human RBC Metabolism: A Long History of
Dynamic Simulation

Human RBCs lose their mitochondria and are entirely
dependent on glycolysis to produce ATP. The glucose
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Figure 1: View of the on-screen E-Cell GUI (E-Cell IDE). The E-Cell IDE has a user-friendly pathway editor (left) and a GUI-based
mathematical analysis tool kit (right top). The simulated dynamics is visualized in the tracer of the time histories of variables/processes
(bottom right), as well as in the pathway map (left).

transporter GLUT-1, expressed in RBCs, has a high affinity
for extracellular glucose and remains saturated under physi-
ological concentrations of glucose. Hexokinase (HK), which
catalyzes the initial step of glycolysis in RBCs, also has a
low Km (high affinity) for intracellular glucose. Thus, the
rate of initiation of glycolysis is ensured even when plasma
glucose concentration is low. ATP is required by ion pumps
to prevent cell swelling and is also used in many other
endergonic enzymatic processes. ATP is a necessary substrate
for two of the initial rate-limiting steps in glycolysis (HK,
PFK), but excess ATP can downregulate glycolysis through
the inhibition of PFK. Most of the glucose entering a cell
is converted to lactate through glycolysis (in our model,
87.5% under normoxic steady-state conditions), with the
remainder entering pentose-phosphate pathways (in our
model, 12.5%). This route provides reduced nicotinamide
adenine dinucleotide phosphate (NADPH), which prevents
oxidation of the cell directly and indirectly through the
conversion of glutathione from its oxidative form back to its
active reduced form.

One of the most characteristic pathways in RBCs is
the Rapoport–Luebering cycle, which generates a high con-
centration of 2,3-diphosphoglycerate(2,3-BPG), a diversion
of glycolysis from 1,3-disphosphoglycerate(1,3-BPG) that
prevents excess ATP production by bypassing the process
catalyzed by phosphoglycerate kinase (PGK). The increase in
2,3-BPG facilitates the release of oxygen from hemoglobin to

tissues. In this manner, although the binding and release of
gas molecules (oxygen, carbon dioxide, and so on) through
hemoglobin requires no energy, the regulation of glycolytic
flux, which is important for maintaining oxygen transport
capacity through the maintenance of adequate levels of ATP
and 2,3-BPG.

A single RBC can be assumed to be a closed system
enclosed by a plasma membrane. Human RBCs circulate for
as long as 120 days [18], and, thus, the metabolism in the cell
should be robust in physiological situations. This simplicity
and robustness, as well as the abundance of accumulated
knowledge regarding metabolic enzymes, have made RBC
metabolism a suitable subject for mathematical modeling
and system level analysis of the metabolic/biological path-
ways. There is a long history of construction of metabolic
models of human RBCs, in which RBC metabolism is
described with simultaneous ordinary differential equations
with different levels of detail, depending on the focus of
the model. These models have very different system level
properties (for comparative analysis of several RBC glycolysis
models, see [19]).

The first challenge in modeling human RBC metabolism
was constructing a linear glycolytic model (by Rapoport and
Heinrich [20]), which was intended to test whether a linear
theory suffices for a description of the steady state under
several experimental conditions, and to better understand
the crossover structure. The model also contributed to the
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discovery of the framework in “flux control theorem” [21].
Ataullakhanov et al. expanded the glycolytic model to include
the pentose phosphate pathway, in which ATP and ADP are
treated as parameters, to predict the dependence of glycolytic
flux on ATP content [22].

An extension of the glycolytic model to include the reac-
tions of synthesis and degradation of adenine nucleotides
was provided by Schauer et al., and suggested that adenylate
metabolism, the functional role of which remained poorly
understood at the time, may serve to improve the stabiliza-
tion of the energy charge [23].

Brumen and Heinrich were the first to attempt combin-
ing the models of energy metabolism with the models of
volume regulation [24], and presented a metabolic osmotic
model of RBCs [25]. Reactions synthesizing the adenylate
pool, osmoregulation, electroneutrality, and ion transport
were later incorporated and proved that changes in RBC
volume are associated with glycolysis.

Holzhutter et al. used their mathematical model, which
included glycolysis, the pentose phosphate pathway, and the
2,3-BPG shunt, for analysis of the pathology associated with
pyruvate kinase deficiency [26]. They showed the effects of
severely lowering the activities of several enzymes in the
model and compared their results with experimental data
from patients with deficiencies in these enzymes.

Joshi and Palsson constructed a model to provide a
framework for the integration and interpretation of the
extensive biochemical data on enzymes and metabolites by
means of a comprehensive mathematical model of RBC
metabolism [27, 28]. The model examines three different
interdependent characteristics of RBC: the properties of
the red cell membrane, the kinetics of transmembrane
fluxes of chemical constituents of RBCs and plasma, and
the thermodynamic formulation of the osmotic states. The
model was extended to include the pH dependence of
enzyme activities and mechanisms of volume regulation,
namely electroneutrality and osmotic balances, accounting
for the cell’s interaction with the environment as well as cell
metabolism [29]. They used their comprehensive model to
propose emerging mathematical frameworks for metabolic
analysis such as top-down analysis for revealing metabolic
pools [30–32].

Mulquiney and Kuchel developed a precise model for the
Rapoport–Lubering (2,3-BPG) shunt, as well as glycolysis
and the pentose phosphate pathway, based on enzyme
kinetics derived from their NMR assays [33, 34]. Their
model also includes a detailed description of magnesium
equilibrium and binding of metabolites to oxyhemoglobin
(oxyHb) [35].

The first E-Cell RBC model that was published presented
an analysis of the pathology associated with hereditary G6PD
deficiency [36]. This model was subsequently expanded by
incorporating the Joshi and Palsson model and also by the
inclusion of the GSH synthesis pathway and GSSG transport
system, and suggested that normally inactive pathways may
have an essential role in abnormal conditions such as enzyme
deficiencies.

Using E-Cell, we also constructed a model of the
two metHb-reduction pathways in RBCs by expanding the

Mulquiney and Kuchel model [37]. The model assessed
the mechanism that switches between NADPH dependent
and NADH dependent pathways of metHb reduction. The
former pathway has a high response rate to hemoglobin
oxidation with a limited reducing flux, and the latter has
a low response rate with a high-capacity flux, correlated
to the supply of NADH and NADPH from central energy
metabolism.

Recently, we published a model that contains not
only enzymatic or ion binding reactions combined with
existing models, but also includes allosteric transitions in
hemoglobin in response to the partial pressure of oxygen
and the binding of plasma membrane proteins to glycolytic
enzymes and hemoglobin ([11], described below).

Based on the same assumptions, Hald et al. focused
on the alteration of RBC metabolism caused by changes
in oxygen and carbon dioxide partial pressures during
circulation, and showed that changes in these gases resulted
in glycolytic flux oscillations, with consequent overshoots in
levels of central metabolites [38].

4. Metabolic Model of Human RBCs Using
the E-Cell System

4.1. Model Construction

4.1.1. Metabolic Reactions. The metabolic model constructed
with the E-Cell system is shown schematically in Fig-
ure 2, which includes enzyme reactions, transporter func-
tions, binding interactions, and a process for determining
hemoglobin allosteric transitions. For detailed descriptions
of all equations, see the supporting material from our
previous reports [11, 12].

The metabolic network developed in this mathematical
model covers a majority of the metabolic pathways: glycol-
ysis, the pentose monophosphate shunt, the purine salvage
pathway, glutathione metabolism, and Na+-K+-ATPase activ-
ity coupled to the leak of Na+ and K+. Membrane trans-
porters for pyruvate, lactate, adenine, adenosine, hypox-
anthine, and inosine are modeled, and the concentrations
of all the extracellular metabolites, as well as intracellular
glucose, are fixed at physiological concentrations. The rate
equations for metabolic reactions are derived from previ-
ously published experimental data, and are largely based
on the Mulquiney model [23, 33] and, in part, on other
previous mathematical models [27, 36]. Most enzyme rate
equations were derived using the King-Altman method for
each of the enzyme-catalyzed reactions, with the exception of
some reactions in purine metabolism and purine transport
processes, which were described using Michaelis-Menten or
first-order kinetics. Following the Mulquiney model, the
following reactions are modeled as pH-dependent kinetics
where intracellular pH is treated as an independent param-
eter: key enzymatic reactions in glycolysis, such as hex-
okinase (HK), phosphofructokinase (PFK), glyceraldehyde
phosphate dehydrogenase (GAPDH), pyruvate kinase (PK),
lactate dehydrogenase (LDH), the 2,3-BPG shunt reactions
(2,3-BPG shunt), and binding of metabolites to Mg2+ and
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Figure 2: A Metabolic pathway map constructed using the E-Cell RBC model. The complete reaction network of the metabolism in
the E-Cell RBC model. MgX/oxyHbX/deoxyHbX/band3X denotes the complex formed by compound “X” and Mg2+, oxyhemoglobin,
deoxyhemoglobin, or band 3, respectively. Abbreviations used in this figure: GLC, glucose; G6P, glucose-6-phosphate; F6P, fructose-6-
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bisphosphoglycerate; 2,3-BPG, 2,3-bisphosphoglycerate; 3PG, 3-phosphoglycerate; 2PG, 2-phosphoglycerate; PEP, phosphoenolpyruvate;
PYR, pyruvate; LAC, lactate; GL6P, gluconolactone-6-phosphate; GO6P, gluconate-6-phosphate; RU5P, ribulose-5-phosphate; X5P, xylulose-
5-phosphate; E4P, erythrose-4-phosphate; S7P, sedoheptulose-7-phosphate; R5P, ribose-5-phosphate; PRPP, 5-phosphoribosyl-1-phosphate;
ADE, adenine; IMP, inosine monophosphate; R1P, ribose-1-phosphate; INO, inosine; ADO, adenosine; HX, hypoxanthine; AMP, adenosine
monophosphate; ADP, adenosine diphosphate; ATP, adenosine triphosphate; NADP, nicotinamide adenine dinucleotide phosphate;
NADPH, nicotinamide adenine dinucleotide phosphate (reduced); NAD, nicotinamide adenine dinucleotide; NADH, nicotinamide adenine
dinucleotide (reduced); Ki, potassium ion; Nai, Sodium ion; Pi, inorganic phosphate; L GC, L-glutamyl cysteine; GSH, glutathione
(reduced); GSSG, glutathione (oxidized).

hemoglobin. The overall oxidization of glutathione in the
cell and dephosphorylation of ATP except for Na+/K+-
ATPase and kinases in above-mentioned major pathways are
simplified into first-order reactions.

4.1.2. Hemoglobin Transition. The capacity of RBCs to
deliver oxygen to tissues is fundamentally linked to the equi-
librium between the two main states of hemoglobin struc-
ture, a tense state, “T” (or “deoxy”), and a relaxed state, “R”
(or “oxy”), although the transition between the structures is
not a simple two-state mechanism. The ability of oxygen to
bind to hemoglobin is allosterically regulated by intracellular
components such as 2,3-BPG and ATP. An increase in 2,3-
BPG stabilizes the T-state of Hb, thereby facilitating O2

dissociation from the Hb. Since T-state hemoglobin has
a higher affinity for 2,3-BPG and ATP than the R-state,
stabilization of hemoglobin in the T-state by increasing
the amount of 2,3-BPG binding reduces the amount of
free 2,3-BPG and ATP, leading to a further acceleration of
metabolism. Under these circumstances, consideration of
the hemoglobin transition may exert considerable effects on
RBC metabolism, especially on glycolysis, and vice versa.

The equation for the kinetics of oxygen saturation of
hemoglobin, derived by Dash and Bassingthwaighte [39],
was used to calculate the ratio of oxy-(R-) hemoglobin to
total hemoglobin. The saturation kinetics is described by the

Hill equation, with dependencies on the levels of pO2, pCO2,
intracellular pH, concentration of 2,3-BPG, and tempera-
ture. In our model, pO2, pCO2, pH, and temperature are
independent variables. Once the ratio between oxy-(R-) and
deoxy-(T-) hemoglobin (oxygen saturation of hemoglobin,
SHbO2) is determined under given conditions at a certain step
in the simulation, the velocity of a reversible conversion of
free T-state hemoglobin to free R-state hemoglobin in the
step is derived as

velocity(T→R) = k ·
(

Ttotal · SHbO2

1− SHbO2
− Rtotal

)

, (1)

where SHbO2 ranges from 0 to 1, Ttotal and Rtotal are the sum
of all complexed forms and the free form of each state of
hemoglobin, and k denotes the scaling constant, which is set
to 1200 to be equal to those in other binding reactions. In our
model, it is assumed that this transition occurs only between
free form R/T-hemoglobins, even though Ttotal and Rtotal in
the equation above are the “total hemoglobin” of each state.
In our model, the P50 value, which is the partial pressure of
oxygen at half-saturation of hemoglobin, is calculated to be
25-26 mmHg under virtual cell-free conditions with 5 mM
2,3-BPG. However, if the concentrations of the free forms of
T-state and R-state hemoglobin are substituted for Ttotal and
Rtotal, the P50 is calculated to be approximately 50 mmHg,
which is significantly different from the physiological
value.
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4.1.3. Binding between Band 3 and Glycolytic Enzymes or
Hemoglobin. Band 3 is the major anion transporter in RBCs
and plays a role in chloride/bicarbonate exchange, as well as
an important structural role as a plasma membrane protein
that contributes to stabilization of the membrane surface by
forming multiprotein complexes [40]. Band 3 has multiple
cytoplasmic domains, including an N-terminal cytoplasmic
domain, which binds to the glycolytic enzymes PFK, ALD
and GAPDH. PK and LDH are also localized to the plasma
membrane when intact RBCs were fixed in their oxygenated
states, but there has been no evidence of direct association
with band 3 [41]. The N-terminal cytoplasmic domain of
band 3 also binds to Hb, with a greater affinity for T-
state hemoglobin than R-state [42]. Recent observations have
shown the enzymatic activities of PFK, ALD, and GAPDH
are completely blocked by binding to band 3, whereas their
activities are recovered upon dissociation from band 3. No
changes in PK and LDH activities have been detected [43]
and the membrane docking sites of PK and LDH have yet
to be identified [44]. We were the first to incorporate the
binding of band 3 to glycolytic enzymes/hemoglobins into
the mathematical model of major RBC metabolism [11]. The
binding affinity of the metabolite-hemoglobin complex to
band 3 is assumed to be the same as that of the free form
of hemoglobin (e.g., deoxyHb and deoxyHb-2,3BPG). We
simply used the published association constants evaluated in
vitro.

4.2. Application of the Model I: Analysis of the RBC Response to
Hypoxia. ATP is required in the initial steps of glycolysis by
HK and PFK to trigger glycolytic ATP synthesis, and a frac-
tion of the intracellular ATP is released to the extracellular
space under hypoxia to elicit hypoxia-induced vasodilation,
although the amount of ATP released is small, compared to
intracellular levels [45]. At the same time, RBCs are known
to accelerate glucose consumption in response to exposure
to hypoxia, which results from acceleration of glycolysis, as
judged by the increase in 2,3-BPG [46]. This change leads to
further T-state Hb stabilization and increases the supply of
oxygen to hypoxic tissues. Taking into account these features,
researchers have hypothesized that RBCs have appropriate
mechanisms for responding quickly to hypoxia to upregulate
de novo ATP synthesis and glycolytic flux, leading to the
increase in 2,3-BPG. Historically, the hypoxic acceleration of
glycolysis in RBCs was thought to be induced by alterations
in pH or the metabolic compensation of ATP [47, 48].
However, recent evidence from studies with intact RBCs has
shown that T-state hemoglobin triggers an increase in the
activities of glycolytic enzymes that interact with band 3 and
plays a central role in acceleration of glucose consumption
to increase the synthesis of ATP and 2,3-BPG [49]. Our
model was used to elucidate the mechanistic features of the
coordination and dynamics of sequential glycolytic reactions
and the outcomes, in terms of alterations in levels of
intracellular metabolites upon hypoxia, in particular as a
result of band 3 interactions. To mimic hypoxic conditions,
the pO2 of the model, which was initially set to 100 mmHg,
was reduced to 30 mmHg, a value consistent with capillary
microvessels in vivo [50].

A comparison between three models in predicting
temporal alterations of glycolysis during a 3-min virtual
hypoxia is illustrated in Figure 3(a). Model A includes
Band 3 interactions with hemoglobin and glycolytic enzymes
(corresponding to the BIII(+) model described in [11]).
Model B uses the same initial and normoxic steady-state
conditions as model A, but omits interactions between Band
3 and hemoglobin/enzymes (corresponding to the BIII(−)
model in the reference [11]). By comparing model A with
model B, we can estimate the pure effect of hypoxia-induced
glycolytic activation exerted by the accumulation of T-state
hemoglobin. In Model C, all of the glycolytic enzymes exist
in dissociated forms, even in the initial (PO2 = 100) state.
Thus, the initial and steady-state conditions of model C are
different from those of model A and model B. As shown in
Figure 3(a), the overall activities of the glycolytic enzymes
in model A are significantly accelerated relative to the other
models. As expected, the activities of PFK, ALD, and GAPDH
spiked immediately as a result of their release from band
3 upon hemoglobin binding, while these enzyme activities
did not change significantly in model B. These differences in
enzyme activities between the two models created a distinct
metabolome profile: the glycolytic intermediates in model A
displayed a pattern opposite to those in model B. In model
A, G6P and F6P decreased by 50% and F1,6BP, DHAP, 3PG,
and PEP increased by 40% versus the corresponding baseline
levels (Figure 3(a)). The time-dependent alteration in levels
of glycolytic intermediates predicted by model A is entirely
consistent with results obtained from metabolome analyses
using capillary electrophoresis mass spectrometry (CE-MS).
These trends in time-variation in glycolytic fluxes/metabolite
concentrations have also been reproduced in model C,
where no band 3 interactions are considered. However, the
alterations seen in model C exhibit much less variation
than the experimental results. In both models (model A
and model C), the activation of HK is caused by a decrease
in the free form of 2,3-BPG, which is a strong inhibitor
of HK; however, HK activity in model A exhibited greater
activation. This difference appeared to result from a decrease
in G6P and an increase in ATP, leading to a reduction in HK
product inhibition. The distinct hypoxia-induced increase in
glycolytic flux arising from hemoglobin transition and the
consequent changes in band 3-interactions have been verified
by several separate experiments. Messana et al. showed that
the hypoxia-induced increase in glucose consumption dis-
appeared in RBCs treated with 4,4′-diiso-thiocyanostilbene-
2,2′-disulfonate (DIDS), which acts as an anion exchange
inhibitor targeting band 3 [51]. We demonstrated that CO
pretreatment of RBCs to stabilize hemoglobin in the R-state
attenuated the hypoxia-induced acceleration in the conver-
sion of 13C-glucose into 13C-lactate [11]. Furthermore, a
recent study by Lewis et al. provided direct evidence for
the role of band 3 in mediating metabolic shifts under
more physiological conditions in intact RBCs, in which the
metabolic fluxes were measured using (1)H-(13)C NMR and
RBCs were treated with pervanadate, a reagent that blocks
the interaction between band 3 and glycolytic enzymes [49].

Through the activation of glycolysis, the energy charge
is greater in the band 3-implemented model than the
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Figure 3: Temporal alterations in glycolysis in response to hypoxia. (a) Predicted alterations in glycolytic enzyme activities under hypoxia
and comparison of time-courses of glycolytic intermediates between the simulations and metabolome measurements using CE-MS. The
simulation results of model A (including Band 3 interactions, corresponding to the solid red line in Figure 2 of [11]), model B (using the
same initial steady-state conditions as A but neglecting further Band 3 interactions, corresponding to the dotted blue line in Figure 2 of
[11]), and model C (with all enzymes dissociated from Band 3) are represented by the solid black (model A), dotted black (model B), and
solid gray (model C) lines, respectively. See the main text for discussion of the models. In the metabolome data collected by CE-MS, closed
circles indicate ratios of hypoxic metabolite concentrations to normoxic control concentrations, which are represented with open circles.
Values are the means ± SE of four separate experiments. Asterisks: P < .05 versus the steady-state baseline values. (b) Results of model
analysis to determine whether or not increasing the activity of a particular enzyme (HK, PK, or PFK+ALD+GAPDH) by 2-fold can promote
a simultaneous increase in the energy charge and in 2,3-BPG under conditions of hypoxia.

other models. The basal energy charge under normoxic
steady-state conditions was predicted to be 0.912, which is
comparable to that reported in previous studies (ranging
from 0.86 [52] to 0.935 [53]), and the value rose to 0.917 after
three minutes in hypoxia. At the same time, the total amount
of 2,3-BPG in model A was also predicted to be greater than
the other two models, which is likely to contribute to a rapid
increase in the formation of hemoglobin-2,3-BPG complexes
that consequently lead to the release of residual hemoglobin-
bound oxygen from the RBC. The calculated amount of
oxygen released by increasing 2,3-BPG in three minutes of
hypoxia was 6 μmol per L of RBC volume.

Another key finding of this simulation study is that PFK
activation is a crucial step for the upregulation of both
energy charge and 2,3-BPG generation, while activation of
the other so-called rate-limiting enzymes, at the initial (e.g.,
HK) or final (e.g., PK) steps of the glycolytic pathway, fails
to satisfy these requirements. HK activation resulted in a
decrease in energy charge and an increase in 2,3-BPG, while
PK activation increased energy charge without stimulating
2,3-BPG generation (Figure 3(b)).

Through these analyses, our model has demonstrated
a pivotal role for band 3-intracellular protein interactions
in enhancing activation of glycolysis in RBCs as part of
a metabolic response to hypoxia, and in the consequent

increase in both cell energetics and oxygen-carrying capacity.
Taken together with the recent findings that the oxygenation-
dependent assembly of glycolytic enzymes on the membrane
is conserved in mammalian erythrocytes even in the absence
of the intracellular band 3 binding site [44], the hypoxia
induced glycolytic activation may be necessary for RBC via-
bility over the long term and/or for temporally appropriate
oxygen supply to the tissues.

4.3. Application of the Model II: Prediction of Metabolism of
RBCs in Long-Term Storage. Whereas the kinetic metabolic
models of human RBCs have led the simulation studies in the
systems biology era, there has been no practical application
of the RBC metabolic models for biotechnological use, at
least to our knowledge. We intend to use our RBC model
as a virtual experiment for optimization of RBC storage
conditions. In the field of emergency medicine, it is critical to
store RBCs in such a manner that their viability and capacity
for oxygen delivery are retained after transfusion. These
characteristics are strongly correlated with the intracellular
metabolic status. Long-term cold storage reduced intracellu-
lar ATP and 2,3-BPG, which causes a reduction in deforma-
bility, oxygen-carrying capacity, and reduces energy sources
for intracellular processes. In Japan, a mannitol-adenine-
phosphate (MAP) solution is commonly used for storing
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RBCs (RC-MAP). In this solution, approximately 50% of
ATP is retained after 42 days in storage, but 2,3-BPG is almost
completely depleted after 2 weeks [54]. However, the large
metabolic network of the RBC that underlies the depletion
of these two metabolic indicators has not been considered.

To develop an “RC-MAP model” that can represent the
long-term dynamics of cold MAP-stored RBC metabolism,
concentrations of glucose and adenine of the basal model
were set to the values in MAP-solution, and the extracellular
sodium ion and inorganic phosphate concentrations were
changed by calculating the content of sodium phosphate,
sodium chloride and sodium citrate in the solution. The
intracellular pH of RBCs in RC-MAP is lowered due to the
large addition of citrate and gradually decreases further over
time in storage due to the accumulation of lactate [55]. Thus,
the initial pH and pH variation during cold storage were
set according to the reported time-course pH data in the
literature [54], where the decrease in intracellular pH is fitted
by first-order kinetics. As the cold temperature stabilizes
hemoglobin in the R-state, all hemoglobin was designated R-
state in the RC-MAP model.

In the process of parameter estimation, we focused
on those enzymatic activities that may be altered by
physical changes in the storage conditions relative to the
circulating conditions, the cold temperature and the low
pH. All chemical reactions, including enzymatic reactions,
chemical-binding reactions, and active transport processes,
should be significantly reduced but not completely stopped
at 4◦C. In particular, the Na+/K+-ATPase pump is very
sensitive to lowered temperature [56]. Moreover, there are
many reports that enzymes involved in purine metabolism,
including adenosine deaminase, adenosine monophosphate
phosphohydrolase (AMPase), inosine monophosphatase,
and adenosine monophosphate deaminase are optimized or
activated at relatively low pH, such as in the RC-MAP storage
conditions, but adenosine kinase and hypoxanthine-guanine
phosphoryl-transferase are not. From these knowlodge, we
grouped all reaction activities into three groups: Na+/K+

pump activity, purine metabolism enzyme activities, and
all remaining enzymatic or binding activities. The three
groups of reaction activities are then treated as “adjustable
parameters” for the parameter estimation.

As a result of the GA (Genetic Algorithm) analysis,
the three adjustable parameters were determined and their
estimated values were supported by previous knowledge, as
follows. (1) Na+/K+ pump activity was 0.6% of the basal
values, since it decreases to 0.2–0.8% of the level at body
temperature when the temperature is decreased to 5◦C in
most mammalian erythrocytes [56]. (2) The activity of
purine metabolism enzymes was 24% of the basal model,
which is considerably higher than that of other enzymatic
processes. Furthermore, the loss of intracellular adenine
within three weeks was reproduced only by the model when
this parameter was 20–30% [12]. (3) The activity level of
the other reactions was estimated to be 3.5%, since, in
general, enzyme activities at 4◦C are reduced to 1–5% of
those at the normal body temperature [57]. The dynamics
of the estimated RC-MAP model during cold storage was
then compared with the experimentally measured glycolytic

intermediates in MAP-stored RBCs using capillary elec-
trophoresis time-of-flight mass spectrometry (CE-TOFMS),
as previously described [12, 58] (Figure 4(b)).

In CE-TOFMS measurements, PYR, LAC, HX, and S7P
were significantly increased, and all glycolytic intermedi-
ates, with the exception of PYR and LAC, were markedly
decreased after 49 days. These measured alterations of
intermediates were qualitatively reproduced in an estimated
model that was fitted to the reported RC-MAP data. The
models using random sets of adjustable parameters failed
to predict these final increases and/or decreases in the
concentrations of the glycolytic intermediates. However, the
dynamics of the intermediates, such as the extraordinarily
large increases in F1,6-BP and DHAP in the first week
or the initial stagnation of PYR, could not be predicted
by the estimated model. These gaps may be the result
of both the level of simplicity of setting the adjustable
parameters and the difference in experimental conditions in
our lab relative to commercial RC-MAP usage. The early
large peaks of F1,6-BP and DHAP did appear when the
initial pH was set to lower values, but some mechanism
of reduction in PK activity was needed to reproduce the
initial stagnation of PYR (see the supporting material in
[12]). More detailed refinement of the settings of the RC-
MAP model using comprehensive metabolome data will be
necessary to increase the predictive power of the model.

Based on the sensitivity analysis of the RC-MAP model,
2,3-BPG levels may be maintained when hemoglobin is
shifted to the T-state. Reducing enzyme activities in purine
metabolism would be very effective for maintaining ATP,
whereas the ATP concentration control of enzymes in purine
metabolism is small. Another interesting prediction of the
model is that a slight activation of HK and PFK during
storage can maintain both ATP and 2,3-BPG, despite the fact
that all prior studies of blood storage have aimed to reduce
enzymatic activities. These factors can serve as a possible
target of the next round of experiments for improving RBC
storage conditions.

However, many physicochemical aspects have yet to be
incorporated in the model, such as the maintenance of
cellular homeostasis through regulating intracellular pH and
cell volume in connection with ion balance. In this study, the
effects of additives in the MAP solution, such as mannitol
and sodium chloride, as osmoregulatory substrates that
prevent erythrocyte hemolysis, as well as the acidotic shift
due to lactate accumulation, were ignored (or considered to
be unchanged from normal circulating RBCs).

5. Discussion: Future Perspectives of
RBC Metabolic Model

A mathematical model of the metabolic networks in human
RBCs with precise enzyme kinetics and linkages between
metabolism and oxygen pressure can provide us with a better
understanding of the response to environmental stimuli that
may occur in vitro or in storage conditions. Our model
is the first to include the effects of intracellular protein-
protein interactions (competitive binding to band 3 between
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Figure 4: Continued.
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Figure 4: Modeling of metabolism in RBCs during long-term cold storage and model verification. (a) The work flow of developing and
analyzing the “RC-MAP model”. (1) The values of external parameters in our E-Cell RBC model (basal model), which assumes normal
circulating conditions, are modified to meet the conditions of the cold-MAP solution. (2) Adjustable parameters, which are thought to be
changed by storage conditions, are determined. (3) Adjustable parameters are estimated using experimental data on metabolic alterations in
RC-MAP. (4) The relevance and robustness of the parameter choices are checked. (5) The dynamics of metabolism are compared between
the RC-MAP simulation and experimental treatment. (6) A sensitivity analysis of the model is conducted to find key reactions, metabolites,
and parameters to maintain the energetics and oxygen-carrying capacity of stored RBCs. (7) Candidate components for optimized storage
conditions are determined by computationally testing various combinations of factors that can be modified experimentally. (8) Finally, the
candidate models are validated by a metabolome analysis. In (3), we employed the classical read number genetic algorithm within the E-Cell
Simulation Environment to fit the model to the reported time-course data of ATP and 2,3-BPG concentration changes in RBCs held in cold
RC-MAP for 49 days. (b) A comparison of time-related changes in ATP and 2,3-BPG levels between reported experiments (Shiba et al., 1991)
and the “RC-MAP model” is presented. The time-course of ATP (solid black) and 2,3-BPG (broken black) in RC-MAP at 4◦C for 49 days in
(a) previously reported data and (b) the prediction of the estimated model derived by the Genetic Algorithm. Experimental values are shown
as the mean ± S.D. of 19 separate experiments. Values are percentages of the initial concentrations. (c) Measured (left) and simulated (right)
time-dependent alterations in glycolytic intermediates. In CE-TOFMS measurements, the RBC samples were suspended in cold-MAP for
49 days under laboratory conditions. Data represent the means ± S.D. of five separate experiments. “G6P + F6P” indicates the sum of the
concentrations of G6P and F6P. Values are represented as percentages of the initial concentration of each metabolite.
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hemoglobin and glycolytic enzymes) on RBC metabolism
and to show the relevance of these interactions to the supply
of ATP and 2,3-BPG over time.

Several factors must be considered in order for the
model to provide an insight into the possible physiological
importance of these intracellular events. First, a precise
estimation of the energy demand of the cell, such as the
energy required to maintain its biconcave shape, should be
made [59]. Among all previously published mathematical
models of RBC metabolism, the processes utilizing ATP are
oversimplified into first-order kinetics with respect to the
ATP concentration, with the exception of Na+-K+ pump
ATPase activity in Jasimidi and Palsson’s model [27, 28],
and in our models [11, 36], despite the fact that both the
glycolytic flux and the concentration of ATP are largely
controlled by the ATP demand [19].

Secondly, it is important to examine the external effects
of RBC metabolism, that is, the modulation of oxygen car-
rying capacity by altering the hemoglobin allostery by intra-
cellular ATP and 2,3-BPG. Including these features requires
knowing “when” and “to what extent” the environmental
oxygen demand is raised, in order to obtain information at
a systems level of behavior. In other words, the model would
need to make a connection between the efficiency of carrying
gas molecules in the RBC and the underlying metabolism, as
well as the behavior of the RBC population in response to
capillary geometry and blood flow. Bassingthwaights’ group
has begun to construct a multiscale model in their physiome
project: A model of blood-tissue/tissue-capillary exchange of
oxygen, carbon dioxide, which includes exchange of bicar-
bonate and hydrogen ion for considering Bohr and Haldane
effects in RBC, intraerythrocytic adsorption of CO2 and O2

on hemoglobin, and extraerythrocytic tissue-dependent gas
consumptions [58, 60]. Furthermore, a novel aspect of RBC
metabolism is the recently observed release of intracellular
ATP into the extracellular space in response to hypoxia,
although the actual amount of ATP released is very small
compared to levels within the cell [45]. The released ATP
regulates blood flow by binding to P2Y purinergic receptors
on the luminal surface of the endothelium, initiating the
signaling events that result in vasodilation. A theoretical test
of the contribution of the hypoxia-dependent ATP release by
RBCs to an increase in vessel diameter in upstream arterioles
has been carried out using a simplified theoretical blood-
flow model [61]. An understanding of the physiological
importance of temporal alterations in RBC metabolism
could be accomplished by using these theoretical frameworks
to develop models that connect the detailed metabolism in
the RBC to higher level processes outside the cell.

Another intriguing addition to the model would be the
incorporation of spatial or intracellular locus information
into the metabolic model. Because RBCs do not contain any
bound organelles in the cytoplasm, the intracellular system
has been modeled as homogeneous in space. However, recent
observations that glycolytic enzymes form a macromolecular
complex [43] suggest the importance of considering spatial
effects, even in models that focus on metabolic reactions.
Additionally, another cytoplasmic domain of band 3 (C-
terminal) binds carbonic anhydrase, which plays an impor-

tant role in RBCs by catalyzing the hydration of carbon
dioxide [62]. This interaction may improve the efficiency of
Cl−/HCO3

− exchange and, at the same time, may change the
local pH significantly. Since the interactions between intra-
cellular proteins and band 3 are strongly dependent on pH
and ionic conditions [63], the local pH may control glycolytic
flux both directly and indirectly. The intracellular compart-
mentalization and the diffusion of the glycolytic enzyme
complexes and hemoglobin need to be taken into consider-
ation for precise estimation of the functional requirements
of the gas (oxygen or carbon dioxide) dependent assembly
of these macromolecules, especially for the juxtamembrane
localization of PK and LDH (whose activities are not masked
by binding to the plasma membrane).
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