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Abstract

To support their sessile and autotrophic lifestyle higher plants have evolved elaborate networks of metabolic pathways. Dynamic
changes in these metabolic networks are among the developmental forces underlying the functional differentiation of organs, tissues
and specialized cell types. They are also important in the various interactions of a plant with its environment. Further complexity is
added by the extensive compartmentation of the various interconnected metabolic pathways in plants. Thus, although being used widely
for assessing the control of metabolic flux in microbes, mathematical modeling approaches that require steady-state approximations are
of limited utility for understanding complex plant metabolic networks. However, considerable progress has been made when manageable
metabolic subsystems were studied. In this article, we will explain in general terms and using simple examples the concepts underlying
stoichiometric modeling (metabolic flux analysis and metabolic pathway analysis) and kinetic approaches to modeling (including met-
abolic control analysis as a special case). Selected studies demonstrating the prospects of these approaches, or combinations of them,
for understanding the control of flux through particular plant pathways are discussed. We argue that iterative cycles of (dry) mathemat-
ical modeling and (wet) laboratory testing will become increasingly important for simulating the distribution of flux in plant metabolic
networks and deriving rational experimental designs for metabolic engineering efforts.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Metabolic engineering aims to purposefully alter (using
genetic engineering techniques) an organism’s metabolic
pathways in order to better understand how these path-
ways work or to redesign them for the production of par-
ticular target metabolites. In 2002, the entire January
issue of the journal Metabolic Engineering (Metabolic
Engineering, Volume 4, Issue 1, Pages 1–106, January
2002) was devoted to highlighting the progress, problems
and prospects of plant metabolic engineering. Undoubt-
edly, the plant metabolic engineering community has
made considerable progress, which is attested by highly
publicized success stories such as the development of pro-
vitamin A-producing grains of ‘golden rice’ (Ye et al.,
2000) or the production of thermoplastic polyhydroxyalk-
anoate polymers in transgenic oilseed rape (Slater et al.,
1999). However, further success of plant metabolic engi-
neering at a commercial scale, besides suffering from lack
of public acceptance in some parts of the world, has been
hampered by an insufficient understanding of the mecha-
nisms controlling flux through plant metabolic pathways,
and the outcome of metabolic engineering attempts can-
not yet be predicted with satisfactory accuracy (DellaP-
enna, 2001). With the advent of ‘omics’ technologies (in
particular transcriptomics, proteomics, and metabolo-
mics), which allow the global profiling of the abundance
of constituents involved in metabolic pathways, our abil-
ity to document changes brought about by metabolic
engineering is greatly enhanced. However, it has been
argued that these approaches have to be augmented by
quantitative mathematical modeling, combined in an iter-
ative cycle with experimental testing of model predictions,
to enable a rational design of metabolic engineering strat-
egies (Sweetlove and Fernie, 2005; Fernie et al., 2005;
Lange, 2006; Ratcliffe and Shachar-Hill, 2006). Pathway
modeling has been an area of strength for chemical and
biochemical engineers but most plant biologists are not
familiar with the underlying mathematical framework.
In this article, we are discussing some the most widely
used methods for modeling metabolic networks and illus-
trate their utility in simplified case studies. We are
attempting to provide sufficient information for phyto-
chemists, biochemists, biophysicists and geneticists to
understand the basic concepts of mathematical modeling
and to allow them to evaluate the available literature. It
is our hope that this article will serve as a primer for read-
ers to think about how mathematical modeling can be uti-
lized in providing quantitative descriptions of metabolic
network behavior. Of course, we cannot cover the issue
in-depth and the reader is referred to the primary litera-
ture and several excellent books for further perusal (Hein-
rich and Schuster, 1996; Fell, 1997; Stephanopoulos et al.,
1998).

Various bioinformatic tools are available to compute the
topology of genome-scale metabolic networks from exper-
imental data (reviewed in Xia et al., 2004). However, the
mathematical modeling methods used today for estimating
flux through metabolic pathways (or networks of path-
ways) require an in-depth knowledge of one or more of
the following input data: the (assumed) stoichiometry of
all biochemical reactions, reversibility of enzymatic steps,
branching patterns of (sub)pathways, uptake rates of a
metabolic substrate and conversion rate into end products,
subcellular compartmentation, the kinetic constants of the
enzymes involved, and possibly profiles of transcript, pro-
tein and/or metabolite abundance. Thus, although gen-
ome-scale reconstructions have been attempted for
microbes (reviewed in Price et al., 2004), the majority of
flux modeling efforts in plants has been restricted to one
pathway or a small set of pathways. Mathematical model-
ing approaches for flux determination can be categorized
based on the algorithms, constraints and data types that
are utilized, and their selection for a particular project will



Table 1
Overview of freely available software packages and online tools for
mathematical modeling of plant metabolism

Modeling method Software tool References

Isotope labeling-
based
metabolic flux

13C-Flux Wiechert et al. (2001)
FiatFlux Zamboni et al. (2005)
Mathematica-based
program (no name
given)

Selivanov et al. (2006)

NMR2Flux Sriram et al. (2004)

Elementary modes
analysis

FluxAnalyzer Klamt et al. (2003)
SNA Urbanczik (2006)
YANA Schwarz et al. (2005)

Extreme pathway
analysis

FluxAnalyzer Klamt et al. (2003)
Expa Bell and Palsson (2005)

Kinetic modeling CellDesigner (latest
version is 3.5.1)

Funahashi et al. (2003)

Cellware (latest
version is 3.0.2)

Dhar et al. (2004)

COPASI (latest
version is 4.0)

Hoops et al. (2006)

Dizzy (latest version is
1.11.4)

Ramsey et al. (2005)

Dynetica (latest
version is 2.0beta)

You et al. (2003)

E-CELL 2 Takahashi et al. (2003)
GEPASI (latest
version 3.30)

Mendes (1993)

JDesigner/Jarnac
(latest version is
2.0.35)

http://sbw.kgi.edu/

JSim http://
nsr.bioeng.washington.edu/
PLN/Software

JWS Online Olivier and Snoep (2004)
METATOOL 5.0 von Kamp and Schuster

(2006)
PLAS (Power Law
Analysis and
Simulation)

http://www.dqb.fc.ul.pt/
docentes/aferreira/
plas.html

PySCeS Olivier and Snoep (2004)
Systems Biology
Toolbox for
MATLAB

Schmidt and Jirstrand
(2006)

Vcell (latest version is
4.2)

http://
www.nrcam.uchc.edu/

WebCell (latest
version is 3.0)

Lee et al. (2006)

Reporting
standards and
repositories

BioModels Le Novere et al. (2006)
MFAML Yun et al. (2005)
MIRIAM Le Novere et al. (2005)
JWS Online Olivier and Snoep (2004)
SBML SBML Forum (2003)
WebCell (latest
version is 3.0)

Lee et al. (2006)
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depend on which prior experimental information is
available.

The conceptually simplest method of metabolic flux
analysis is the stoichiometric approach, which requires
only very limited experimental data; essentially, only the
topology of the network, the rate of uptake of a substrate,
its conversion rate into products, and the production of
biomass are considered. Further developments of this
concept, which are based on the use of different algo-
rithms and constraints, are flux balance analysis (FBA),
extreme pathway analysis (EPA) and elementary modes
analysis (EMA). Because of the limitations of stoichiome-
tric modeling, an experimental approach was developed
that is based on labeling experiments with stable isotopes
(primarily 13C) and subsequent analysis of the distribution
of label in different carbon atoms of the target metabo-
lites. Mechanistic (kinetic) models incorporate knowledge
regarding the kinetic properties of enzymes involved in a
metabolic network and can be used to simulate how intra-
cellular fluxes will change when the experimental system is
perturbed. Metabolic control analysis (MCA) has become
the most widely used kinetics-based tool to gain a quan-
titative understanding of metabolic networks. In the fol-
lowing paragraphs we will discuss the different
mathematical modeling approaches and will highlight pro-
gress made in applying these different approaches to
understanding the control of plant metabolism. In Table
1 an overview of freely available software packages and
online tools relevant to the mathematical modeling of
plant pathways is presented. A critical assessment of these
tools is beyond the scope of this article; for an excellent
article evaluating tools for kinetic modeling the reader is
referred to Alves et al. (2006). Since we will not be able
to discuss every paper that has appeared in the field of
mathematical modeling of plant pathways in this review
article, we are providing a comprehensive listing (sorted
by modeling approach and scientific area) in Table 2
and focus on the discussion of selected articles in the text.
2. Metabolic flux analysis

In metabolic flux analysis (MFA) intracellular fluxes are
calculated by using a stoichiometric model for the major
intracellular reactions and applying mass balances around
intracellular metabolites. This concept is based upon the
fundamental law of mass conservation (all mass inputs into
a metabolic network must be recovered, transformed or
remain unchanged; Heinrich and Schuster, 1996). We dis-
tinguish between purely stoichiometric approaches (only
a limited number of metabolite measurements are made;
discussed in Sections 2.1 and 2.2) from those that utilize
isotope labeling experiments (discussed in Section 2.3).

Ordinarily, the number of reactions (fluxes) is greater
than the number of intracellular metabolites and the solu-
tion of metabolite balancing equations (a system of ordin-
ary differential equations (ODEs) used as a mathematical
framework to determine flux) will allow an infinite number
of possible solutions (combination of fluxes). This is
referred to as an under-determined system. Additional
experimental measurements and derived constraints can
be used to reduce the number of unknown fluxes. As a final
step it is possible to introduce optimization criteria (e.g.,

http://dx.doi.org/10.1016/j.phytochem.2007.04.021
http://nsr.bioeng.washington.edu/
http://nsr.bioeng.washington.edu/
http://www.dqb.fc.ul.pt/docentes/aferreira/plas.html
http://www.dqb.fc.ul.pt/docentes/aferreira/plas.html
http://www.dqb.fc.ul.pt/docentes/aferreira/plas.html
http://www.nrcam.uchc.edu/
http://www.nrcam.uchc.edu/


Table 2
Overview of mathematical modeling papers focusing on plant metabolism

Modeling method Pathway Comment References

Isotope labeling-based
metabolic flux analysis

Central carbon metabolism Quantification of compartmented metabolic fluxes
in maize root tips

Dieuaide-Noubhani et al.
(1995)

In vivo pyruvate synthesis in maize roots was
evaluated using a precursor-product

Edwards et al. (1998)

Heterotrophic tobacco callus lines expressing a rat
liver 6-phosphofructo-2-kinase/fructose-2,6-
bisphosphatase were used to calculate rates of
glucose metabolism

Fernie et al. (2001)

Calculation of 18 fluxes of central metabolism
based on (13)C enrichments in tomato suspension
cultures

Rontein et al. (2002)

Analysis of central metabolism in Brassica napus

embryos based on (13)C enrichments in storage
lipids and proteins

Schwender and Ohlrogge
(2002)

Quantitative metabolic flux model for the reaction
network of glycolysis and the oxidative pentose
phosphate pathway in Brassica napus embryos

Schwender et al. (2003)

Based on isotopomer abundances in soybean seed
storage protein and starch hydrolysates, fluxes
through pathways of central carbon metabolism
were calculated

Sriram et al. (2004)

Flux contributions via several pathways of central
carbon metabolism were estimated based on
feeding labeled glucose to tobacco

Ettenhuber et al. (2005a)

Relative flux contributions by different pathways
of primary metabolism in maize kernels were
determined by simulation of the isotopolog space
of glucose

Ettenhuber et al. (2005b)

A new futile cycle (glucose phosphate to glucose)
was discovered that consumes about 40 % of all
ATP generated in maize root tips

Alonso et al. (2006)

Metabolism in tuber discs (response to low
temperature) was monitored by determining the
redistribution of radiolabel following incubation
in [U-(14)C]glucose

Malone et al. (2006)

(13)C-labeling experiments using glucose were
carried out with kernels of maize inbred lines,
heterotic hybrids, and starch-deficient mutants

Spielbauer et al. (2006)

Choline metabolism Conversion of [(33)P]phospho-ethanolamine,
[(33)P]phosphomonomethylethanolamine, or
[(14)C]formate into choline in tobacco leaf disks

McNeil et al. (2000a)

Definition of constraints on glycine betaine
synthesis based on [(14)C]choline labeling
experiments and in vivo (31)P NMR analyses of
tobacco leaf disks

McNeil et al. (2000b)

Mitochondrial metabolism Mitochondrial fluxes were determined after
labeling Brassica napus embryos with
(13)Cglucoses, (13)Calanine, (13)Cglutamine,

Schwender et al. (2006)

Phenylpropanoid metabolism Modulation of phenylpropanoid metabolism in
wound-healing potato tuber tissue

Matsuda et al. (2003)

Investigation of the metabolic pathways in
Petunia hybrida petals leading from phenylalanine
to benzenoid compounds

Boatright et al. (2004)

Analysis of the effects of beta-1,3-oligosaccharide
elicitor on the metabolism of phenylpropanoids in
potato tuber

Matsuda et al. (2005)

(continued on next page)
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Table 2 (continued)

Elementary modes analysis C3 photosynthesis Analysis of photosynthate metabolism in the
chloroplast

Poolman et al. (2003)

Central carbon metabolism All possible routes of futile cycling of sucrose in
sugar cane culm were enumerated; the available
kinetic data for the pathway enzymes were then used
a kinetic model

Rohwer and Botha (2001)

Measurements of mass balance, Rubisco enzyme
activity, stable isotope labelling and analysis of
elementary flux modes (Brassica napus embryos)

Schwender et al. (2004b)

Kinetic modeling C3 photosynthesis Biochemical model of photosynthetic CO2

assimilation in leaves of C3 species
Farquhar et al. (1980)

Dynamic model of photosynthesis Gross et al. (1991)
Sensitivity of C3 photosynthesis to increasing CO2

concentration
Kirschbaum (1994)

Modeling of photosynthesis in fluctuating light (incl.
stomatal conductance, biochemical activation and
pools of key photosynthetic intermediates)

Kirschbaum et al. (1997)

Estimation of carbon gain in sunfleck light regimes Pearcy et al. (1997)
Improvement of a previous kinetic model for the
Calvin cycle and starch production

Pettersson (1997)

Photosynthetic carbohydrate formation in C3 plants
under conditions of light and carbon dioxide
saturation

Pettersson and Ryde-
Pettersson (1988)

Flux control of the malate valve in leaf cells Fridlyand et al. (1998)
Oscillations in photosynthesis caused by changes in
the ATP/ADP ratio or modulation of the pH
gradient across the plastidial envelope membrane

Fridlyand (1998)

Regulation of the Calvin cycle Fridlyand and Scheibe (1999)

C4 photosynthesis Prediction of net photosynthesis and stomatal
conductance from leaves of C4 plants

Collatz et al. (1992)

Mechanistic leaf photosynthesis model for C4
grasses

Chen et al. (1994)

Experimental data using Zea mays at different stages
of development were analyzed using mathematical
models of C4 photosynthesis

He and Edwards (1996)

Computer model comprising light reactions in PS II
and PS I, electron-proton transport reactions in
mesophyll and bundle sheath chloroplasts

Laisk and Edwards (2000)

CAM photosynthesis Simulation of crassulacean acid metabolism Nungesser et al. (1984)
Model of crassulacean acid metabolism describing
the varying concentrations of pools of major
metabolites by a system of coupled nonlinear
differential equations is proposed

Blasius et al. (1997)

Hysteresis switch in an oscillatory model of
crassulacean acid metabolism

Neff et al. (1998)

Oscillatory model of crassulacean acid metabolism
describing the CO2 uptake and nocturnal
acidification

Blasius et al. (1998)

Non-linear theoretical model of mechanism of
endogenous circadian photosynthesis oscillations of
plants performing crassulacean acid metabolism

Blasius et al. (1999)

Central carbon metabolism Regulation of several enzymes in central carbon
metabolism as a response to hypoxia in maize root
tips

Roscher et al. (1998)

Kinetic model of the branchpoint between
methionine and threonine biosynthesis

Curien et al. (2003)

Analysis of central carbon metabolism in
Catharanthus roseus hairy root cultures

Leduc et al. (2006)

Carotenoid metabolism Kinetic model of the xanthophyll cycle Sielewiesiuk and Gruszecki
(1991)

Kinetics of the two de-epoxidation steps occurring in
the xanthophyll cycle

Latowski et al. (2000)

(continued on next page)
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Table 2 (continued)

Modeling method Pathway Comment References

Kinetic modeling Choline metabolism Modeling of choline metabolism in transgenic
plants

McNeil et al. (2000b)

Modeling of choline metabolism in transgenic
plants

Nuccio et al. (2000)

Isoprene emission Model describing the formation of isoprene in oak
under varying environmental conditions

Zimmer et al. (2000)

Mitochondrial respiration Modeling of the respiratory network in plant
mitochondria

Krab (1995)

Redox regulation Dissection of the superoxide dismutase-ascorbate-
glutathione pathway in chloroplasts

Polle (2001)

Metabolic control analysis C3 photosynthesis Simulation of dynamic and steady-state behavior
of the Calvin cycle reactions of the chloroplast,
including starch synthesis and degradation, and
triose phosphate export

Poolman et al. (2000)

Regulation of fluxes in transgenic plants with
reduced activities of Calvin-cycle enzymes

Fridlyand and Scheibe (2000)

Analysis of mutants of phosphoglucose isomerase
in the cytosol and chloroplast of Clarkia xantiana

Kruckeberg et al. (1989)

Analysis of glycolysis in aged disks of tuber tissue
from transgenic potatoes expressing different
amounts of phosphofructokinase

Thomas et al. (1997a)

Distribution of glycolytic flux control between the
steps of glycolysis in aged disks of potato tuber
under aerobic conditions

Thomas et al. (1997b)

Control of gluconeogenesis in endosperm from 4-
day-old castor bean seedlings

Runquist and Kruger (1999)

Kinetic model of the branchpoint between
methionine and threonine biosynthesis

Curien et al. (2003)

Biopolymer production Prospects of producing the copolymer poly-(3-
hydroxybutyrate-co-3-hydroxyvalerate) in plant
plastids

Daae et al. (1999)

Carotenoid metabolism Evaluation of transgenic tomato plants expressing
an additional phytoene synthase in a fruit-specific
manner

Fraser et al. (2002)

Glutamine synthetase/
glutamate synthase cycle

Metabolic control analysis of the glutamine
synthetase/glutamate synthase cycle of barley
chloroplasts

Baron et al. (1994)

Lipid metabolism The importance of acetyl-CoA carboxylase in
regulation of lipid synthesis for barley and maize
leaves was quantitatively assessed using inhibitor
titration studies

Page et al. (1994)

Analysis of de novo fatty acid biosynthesis in
developing sunflower seeds

Martinez-Force and Garces
(2000)

Study of consequences of omega -6-oleate
desaturase deficiency on mitochondrial membrane
function in Arabidopsis thaliana

Caiveau et al. (2001)

Analysis of lipid biosynthesis in tissue cultures
from oil cropsa (olive, oil palm)

Ramli et al. (2002)

Analysis of lipid biosynthesis in tissue cultures
from oil cropsa (olive, oil palm)

Ramli et al. (2005)

Redox regulation Analysis of glutathione (GSH) and phytochelatin
synthesis

Mendoza-Cózatl and
Moreno-Sánchez (2006)

Mitochondrial respiration Analysis of the control of phosphorylation-
coupled respiration in isolated plant mitochondria

Padovan et al. (1989)
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the network strives to produce a certain essential metabo-
lite at highest possible concentrations), which allows linear
programming (a well-developed mathematical approach
for solving diverse optimization problems) to be applied
for solving the system of ODEs.
2.1. Case study of flux balance analysis

Stoichiometric analyses require knowledge about the
(assumed) topological structure of the metabolic network
under consideration and assume that the network operates



dA
dt = b1 – v1 – v2

dB
dt = v1 – b3 – v3

dC
= v2 + v3 – b2
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at a pseudo-steady state (the macroscopic variables – flux
and metabolite concentrations – change only to a tolerable
extent over a specific time span) (Heinrich and Schuster,
1996; Schilling et al., 1999; Klamt and Stelling, 2003).
For the simultaneous solution of mass balance equations,
a homogeneous system of linear algebraic equations is set
up to define a vector of metabolite concentrations M, a
stoichiometric matrix S, of order m Æ n (m, number of path-
way metabolites; n, number of metabolic fluxes), and a vec-
tor v of net reaction rates. The variation of a metabolite
concentration over time (dM/dt) is proportional to the rate
of reaction at which it is synthesized minus the rate of reac-
tion at which it is consumed. At steady state conditions the
following expression is obtained:

dM

dt
¼ S � m ¼ 0:

We will now use a simple example to illustrate the use of
flux balance analysis (FBA). Let us consider the metabolic
network defined in Scheme 1.

A plant cell imports the metabolite Aext from the apo-
plastic space (the internal metabolite is referred to as A).
The metabolic network consists of two reactions that result
in the formation of metabolites B and C. These cytosolic-
ally synthesized metabolites are then transported to plas-
tids (they are now referred to as Bplast and Cplast) and
associate with thylakoids. Our purpose is to determine
the internal flux distribution, using FBA, in the subnet-
work circumscribed by the blue oval of Scheme 1.

The metabolic reactions and transport processes can be
summarized as follows (vi are reaction rates, bi are trans-
port rates):

A!v1
B; ð1Þ

A!v2
C ; ð2Þ

B!v3
C ; ð3Þ

Aext!
b1

A; ð4Þ

B!b3
Bplast; ð5Þ

C!b2
Cplast: ð6Þ

The mass balance of a metabolite (variation over time dM/
dt) is defined as the difference between the rate(s) of pro-
duction and the rate(s) of consumption. Applied to all
A
b1

V2

V1

V3

Aext

C

B Bplast

Cplast
b2

b3

Light

Boundary of flux distribution system

Scheme 1. Example network to illustrate flux balance analysis.
metabolites in our network, the following set of coupled
ODEs can be formulated (Scheme 2). We have now defined
the metabolic network and have derived the corresponding
dynamic mass balance equations, which can also be rewrit-
ten in matrix notation (Scheme 3). To calculate the flux dis-
tribution in the network under consideration, we need to
identify imposed restrictions (constraints) to the system.
If we consider that the macroscopic variables (metabolite
concentrations and fluxes) do not change considerably over
a certain time span (steady-state assumption), the dynamic
mass balance equations can be represented as S Æ v = 0,
where S is the stoichiometric matrix and v the flux vector.

The arrows in Scheme 3 indicate which flux in the flux
vector corresponds to which stoichiometric coefficient in
the first line of the stoichiometric matrix based on the first
equation (specifying dA/dt) in Scheme 2. Lines 2 and 3 of
the stoichiometric matrix are obtained in the same way
for dB/dt and dC/dt, respectively. For our example the
number of unknown fluxes (v1,v2,v3,b1,b2, and b3) is
greater than the number of metabolites (A, B, and C),
which means that the steady-state solution of fluxes is
under-determined. Thus, additional constraints such as
measurable metabolite concentrations and measurable
fluxes can be used to uniquely determine the flux distribu-
tion. Let us assume that we have measured the concentra-
tions of metabolites Aext and A over a certain period of
time; we then calculate the uptake rate b1 (for this example
we assume this rate is in the range of up to 10 pmol (g fresh
weight s)�1). Let us also assume that we have measured the
concentrations of metabolites Bplast and Cplast and we
observed that their ratio under various conditions is always
greater than or equal to 3:1. Further assumptions are that
the cell under consideration is experiencing high light expo-
sure and that compound Bplast is an essential component of
the high light response of plants, which should be synthe-
sized at high levels under these conditions. In order to
determine the internal flux distribution, we can thus formu-
late an objective function Z (the cell maximizes the produc-
dt

Scheme 2. Dynamic mass balance equations.
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Scheme 3. Mass balance equations in matrix form.
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tion of Bplast, and because Bplast and Cplast are linked as
defined above, also Cplast), which can be treated as a linear
optimization problem:

Maximize Z ¼ Bplast þ Cplast

¼ b2 þ b3 Objective function:

Summary of constraints:

(1) S Æ v = 0 – Mass balance constraint assuming steady-
state

(2) b1 6 10 – Inferred by measurement of concentrations
of Aext and A

(3) b3 P 3 Æ b2 – Inferred by measurement of concentra-
tions of Bplast and Cplast

(4) v1, v2, v3, b1, b2, b3 P 0 – Assumption that all reac-
tions and the direction of transport are not reversible

Optimization problems with an objective function are
often times solved using an approach called linear pro-
gramming. This method identifies one solution (in this case
a maximum) that satisfies all constraints. One popular
technique for the numerical solution of a linear program-
ming problem is the simplex algorithm. Because of space
limitations we cannot discuss all iterations of this process
in this review article, but for those interested, the entire
solution for our example is shown in Supplementary Mate-
rial 1. The following optimal solution for the problem
under consideration (fluxes are expressed in pmol (g fresh
weight s)�1) was obtained:

b1 ¼ 10; b2 ¼ 2:5; b3 ¼ 7:5; v1 ¼ 7:5; v2 ¼ 2:5; v3 ¼ 0:

Optimizations for determining fluxes through metabolic
pathways even of limited complexity (as in our example)
are quite tedious. If a larger number of reactions is consid-
ered (or a network of pathways), then the solution has to
be determined computationally.
2.1.1. Limitations of stoichiometric analyses

The key to a successful stoichiometric analysis is the
judicious selection of constraints but its solution demands
the experimental determination of unknown intracellular
fluxes which might be difficult to quantify without further
simplifications, restricting the reliability of the obtained
fluxes. However, even if for a particular metabolic pathway
the influx of a substrate and the efflux of an end product
are known, there are several cases when stoichiometric
MFA cannot predict flux distribution accurately: if (1)
reversible reactions have to be considered, (2) parallel path-
ways exist or pathways occur in more than one compart-
ment, (3) metabolic cycles are part of the metabolic
network, (4) enzyme cofactors are not balanced, (5) path-
ways are compartmentalized, and/or (6) the steady-state
assumption does not hold because of diurnal, seasonal or
environmental fluctuations (Stephanopoulos et al., 1998;
Varner and Ramkrishna, 1999; Wiechert, 2001). It is not
unusual that one or more of these conditions apply in
plants and that results with stoichiometric analyses are at
best ambiguous (Roscher et al., 2000; Morgan and Rhodes,
2002). So why would we discuss FBA is such detail when its
utility for modeling plant pathways (and networks of path-
ways) is very limited? In the upcoming paragraphs we will
introduce other mathematical modeling approaches that
use the same mathematical framework (constraint-based
models using reaction stoichiometry) and in this article
FBA serves as an introductory example of a balancing
problem.

2.2. Metabolic pathway analysis

2.2.1. Elementary modes analysis
FBA assumes a certain topology for the metabolic net-

work under consideration. In cases where numerous possi-
bilities for flux distribution exist (e.g., branched pathways),
FBA does not lead to unambiguous solutions. Several
approaches for metabolic pathway analysis (MPA) have
been developed that also build on constructing models
based upon reaction stoichiometries but help to find unique
solutions to determine flux distribution in metabolic net-
works. One of these methods is elementary modes analysis
(EMA), in which elementary flux modes define the mini-
mum set of reactions that can operate at steady-state under
certain constraints and that cannot be further decomposed
conceptually (Schuster and Hilgetag, 1994; Schuster et al.,
1999; Stelling et al., 2002; Gagneur and Klamt, 2004). A
complete and thus unique set of pathways, which repre-
sents all possible solutions that meet the constraints
imposed on the metabolic network under consideration,
is generated. The computational challenge that arises from
such network decompositions is that, even for relatively
simple pathways, thousands of elementary flux modes
may have to be considered, particularly when nodes
(metabolites) with high connectivities (involvement in
numerous reactions) need to be considered. Stelling et al.
(2002) introduced an approach to calculate ‘control-effec-
tive fluxes’, which assigns an ‘efficiency’ to each elementary
mode to relate its output (enhanced growth, production of
energy equivalents, increased photosynthetic rate) to the
bioenergetic investment required (synthesis of enzymes).
Then, the determined fluxes are weighted by each mode’s
efficiency, which leads to the generation of control-effective
fluxes. Rohwer and Botha (2001) used EMA to outline via-
ble pathways for the futile cycling of sucrose in sugar cane
culm (Fig. 1). Earlier feeding experiments with labeled iso-
topes had shown that significant futile cycling occurred in
sucrose-accumulating sugar cane, which was hypothesized
to be a limiting factor in sucrose accumulation (Whittaker
and Botha, 1997). Interestingly, EMA revealed that the
first 5 of the 14 modes shown in Fig. 1 represented futile
cycles, which do not result in the accumulation of an end
product (Rohwer and Botha, 2001). Modes 6–8 exemplify
the utilization of hexoses to provide precursors for glycol-
ysis. Modes 9, 10, 12 and 13 lead to the accumulation of
sucrose in vacuoles using fructose as a precursor, whereas
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Fig. 1. Elementary modes analysis of sucrose metabolism in sugar cane culm (based upon data from Rohwer and Botha, 2001). Abbreviations: ext,
external; Fru, fructose Glc, glucose; HexP, hexose phosphates; Suc, sucrose, SucP, sucrose phosphate; vac, vacuolar. For details see text.

R. Rios-Estepa, B.M. Lange / Phytochemistry 68 (2007) 2351–2374 2359
mode 11 is based upon the metabolization of glucose.
Mode 14 takes into account that both fructose and glucose
can be used as precursors for sucrose biosynthesis. The
information regarding possible pathways was then inte-
grated with data obtained using a modeling approach that
accounts for the kinetic and thermodynamic properties of
the enzymes involved in the sucrose accumulation network
(for details regarding kinetic modeling see Section 3 of this
review). Based on this integrative analysis the authors sug-
gested a metabolic engineering strategy for enhancing
sucrose accumulation by overexpression of either (1) the
fructose importer, (2) the glucose importer, or (3) the vac-
uolar sucrose importer (in Fig. 1, these correspond to
enzymes 1, 2 and 11, respectively). In addition to modulat-
ing enzymes involved in transport, the kinetic modeling
also suggested that a reduction in the activity of invertase
(enzyme 9 in Fig. 1) should be a viable strategy for increas-
ing sucrose levels (Rohwer and Botha, 2001). The combina-
tion of EMA and kinetic modeling has allowed the authors
to formulate hypotheses that can now be tested experimen-
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tally. Poolman et al. (2003) applied EMA to investigate fea-
sible pathways of central carbon metabolism in the chloro-
plast stroma (in particular the Calvin cycle, the oxidative
pentose phosphate pathway and triose phosphate trans-
port) under different light conditions. Based upon these
analyses, Calvin cycle reactions, the oxidative pentose
phosphate pathway and the thioredoxin system are com-
bined to break down transitory starch for the synthesis of
triose phosphates. The authors also propose that in the
dark the oxidative pentose phosphate pathway operates
cyclically and leads to the formation of C3, C4 and C5
but, unexpectedly, not C6 sugar phosphates. Schwender
et al. (2004b) performed an EMA analysis of oil biosynthe-
sis (from glucose to fatty acids) in developing oilseed rape
embryos to evaluate the contribution of various alternative
pathways. In combination with isotope labeling experi-
ments and enzyme activity measurements, these studies
demonstrated that carbon fixation in these seeds operates
in the absence of a Calvin cycle, which was shown to
increase the carbon use efficiency by combining the activity
of Rubisco with the non-oxidative reactions of the pentose
phosphate pathway. Compared to a conversion of hexose
phosphates through glycolysis this newly discovered route
increases the acetyl-CoA production from hexose phos-
phates by 20% and reduces the loss of CO2 (produced by
pyruvate dehydrogenase) by 40%. This might explain why
developing seeds of numerous plants have high Rubisco
but negligible Calvin cycle activities.

2.2.2. Extreme pathway analysis
Another approach for MPA utilizes the concept of con-

vex analysis, which identifies a unique set of ‘extreme path-
ways’ that define the topology of the metabolic network
under consideration (Schilling et al., 2000, 2001; Papin
et al., 2002; Price et al., 2003). Every steady-state flux can
be expressed as a non-negative linear combination of these
extreme pathways. A limitation of extreme pathway analysis
(EPA) relates to the fact that the number of extreme path-
ways increases exponentially with the size of the network
under consideration. Thus, this approach has been applied
to networks of reduced size (division into subsystems) or
complexity (focus on a particular process altered by an
experimental treatment) (reviewed in Price et al., 2003). Net-
work analyses to evaluate the topological properties of plant
metabolic networks have been performed for metabolic
pathways in plastids (Wang et al., 2006) and it is conceivable
that EPA could be employed successfully for specific path-
ways (e.g., the Calvin cycle and its branchpoints leading into
central carbon metabolism) within such a network. In fact it
would be quite interesting to assess the outcome of such an
analysis in light of the published studies using EMA.

2.3. Case study of isotope labeling-based metabolic flux

analysis

Steady-state isotope labeling-based MFA has been
employed successfully when reversible enzymatic steps,
metabolic cycles and/or subcellular compartmentation
have to be considered for a particular metabolic network
of interest (for recent reviews see Roscher et al., 2000;
Giersch, 2000; Wiechert, 2001; Morgan and Rhodes,
2002; Schwender et al., 2004a,b; Wiechert and Nöh, 2005;
Ratcliffe and Shachar-Hill, 2006). The choice of the labeled
precursor is of paramount importance as feeding with dif-
ferent isotopomers (metabolites containing an isotopic
atom in different positions) may lead to differences in the
labeling patterns of the constituents of a metabolic net-
work. The isotopically labeled precursor is supplied contin-
uously until the pool sizes and labeling patterns of all
metabolites remain essentially constant (metabolic and iso-
topic steady-state). The proportion of isotope-labeled
atoms in each metabolite (fractional enrichment) can then
be quantified using radiotracer analysis (if radioisotopes
are used), nuclear magnetic resonance (NMR; if isotopes
such as 2H, 13C, 15N or 31P are used) or analytical tech-
niques based on mass spectrometry (MS; applicable for
all commonly used isotopes) (for reviews see Szyperski,
1998; Ratcliffe and Shachar-Hill, 2001). The advantages
and disadvantages of using a particular technology for
assessing fractional isotope enrichments are discussed in-
depth in Szyperski (1998). Experimentally, fractional
enrichments can be achieved using various different meth-
ods: (1) the substrate is isotope-labeled in one (or more)
specific position(s) and the isotopic enrichment in cellular
metabolite pools is monitored (positional labeling); (2)
two different substrates, of which only one is isotope-
labeled, are proffered and isotope enrichments are quanti-
fied (dilution of isotope enrichment); (3) a mixture of unla-
beled and uniformly isotope-labeled substrate are supplied
and the metabolic flux information is contained in the
integrity of bonds formed (bond labeling); and (4) a combi-
nation of the above techniques (for more details see
Roscher et al., 2000).

To illustrate the analysis of fractional enrichments and
the estimation of metabolic fluxes, we will use a meta-
bolic network very similar to that depicted in Scheme
1, with the difference that the reaction of v2 occurs in
the opposite direction, thus resulting in a futile cycle with
v1, v2 and v3 (Scheme 4). Aext represents a six-carbon
metabolite that is proffered as a mixture in unlabeled
and U-13C-labeled form. After uptake of Aext into the
cell, A is converted to the five-carbon metabolite B and
the one-carbon metabolite E. B is then cleaved to form
the three-carbon metabolite C and the two-carbon
metabolite D. Both B and C can be transported to chlo-
roplasts. Alternatively, the three-carbon metabolite C can
react with D and E to complete a metabolic cycle and
regenerate A.

2.3.1. Atom mapping matrices

First, we are going to discuss the steps to derive the prin-
cipal equations for modeling isotope distributions which
can then be used to estimate metabolic fluxes. An impor-
tant advance was the introduction of the concept of atom
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Scheme 6. Construction of atom mapping matrices.
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mapping matrices (AMMs), which describe the transfer of
atoms from reactants to products, thus resulting in a map-
ping matrix for each reactant–product pair (Zupke and
Stephanopoulos, 1994). This method starts with represent-
ing the degree of isotope enrichment of each metabolite in
vector form (label distribution vector) (note that in the
literature the terms ‘metabolite vector’ and ‘metabolite
specific activity vector’ are also used):

A ¼

Að1Þ
Að2Þ
Að3Þ
Að4Þ
Að5Þ
Að6Þ

2
666666664

3
777777775
; B ¼

Bð1Þ
Bð2Þ
Bð3Þ
Bð4Þ
Bð5Þ

2
6666664

3
7777775
; C ¼

Cð1Þ
Cð2Þ
Cð3Þ

2
64

3
75

Label distribution vector:

Because we are proposing the use of a mixture of unlabeled
and 13C-labeled substrate in our hypothetical experiment,
the three-carbon metabolite C can have eight different iso-
tope labeling states (2n isotopomers, where n is the number
of carbons in the metabolite) (see Scheme 5).

The second step is then to derive the AMMs. For the
metabolic network shown in Scheme 4, the following
processes are considered when constructing AMMs
(Scheme 6).
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Scheme 5. Example showing all possible isotopomers of a three-carbon
metabolite. Unlabeled atoms are depicted as hollow circles, whereas
isotope-labeled atoms are shown as gray circles. The lower panel depicts
labeling pattern formulated in vector notation.
We will now use reaction (6) from Scheme 6 as an exam-
ple for constructing AMMs. In this notation [C > A]Enz2

represents an atom mapping matrix that describes the
transfer of carbon from metabolite C to metabolite A, cat-
alyzed by enzyme Enz2; [D > A]Enz2 describes the transfer
of carbon from D to A, also catalyzed by Enz2; and
[E > A]E2 describes the transfer of carbon from E to A,
again catalyzed by Enz2. The three carbon atoms of C will
form the first three carbons of A (in matrix notation a ‘‘1’’
indicates that a particular carbon atom is transferred from
a reactant to a product, whereas a ‘‘0’’ indicates that a spe-
cific carbon atom is derived from a different reactant). D
will contribute carbons 4 and 5 to A, and E will add the
sixth carbon atom to the formation of A (Scheme 7). It is
important to note that the AMMs do not contain informa-
tion regarding the position of isotope label (which is spec-
ified by the label distribution vector); they just describe the
transfer of carbon atoms from reactants to products.

As a third step, the metabolite labeling vector is multi-
plied by the appropriate AMM. By adding up the contribu-
tions of each reactant (product of AMM and the respective
label distribution vector) modified by the corresponding
reaction flux, we obtain the label distribution for the met-
abolic step specified in reaction (6) of Scheme 6:

A ¼ ½C > A�Enz2C � v3 þ ½D > A�Enz2D � v3

þ ½E > A�Enz2E � v3:

If all reactions using A as a reactant and all reactions form-
ing A as a product are combined (reactions (1), (2), and (6)
[C > A]Enz2 = 

1  0  0 
0  1  0 
0  0  1 
0  0  0 
0  0  0 
0  0  0 
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Scheme 7. Example of generating atom mapping matrices.
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of Scheme 6), the following equation is obtained to de-
scribe label distribution:

b1 þ v2f½C > A�Enz2C þ ½D > A�Enz2Dþ ½E > A�Enz2Eg ¼ v1 � A:

The steady-state isotope distribution for the entire meta-
bolic network under consideration (Scheme 4) can be cal-
culated from the simultaneous solution of the above
equation and those specifying label distributions for B
and C. Using an iterative computational approach, un-
known metabolic fluxes can be estimated and the equations
describing isotope distributions solved. The calculated val-
ues are then compared with experimentally determined iso-
tope enrichment data and the computational process is
repeated until satisfactory convergence is reached, while
still meeting all stoichiometric constraints (Zupke and
Stephanopoulos, 1994; Stephanopoulos et al., 1998).

2.3.2. Isotopomer balancing

A further development of the AMM concept involves
the use of isotopomer mapping matrices (IMMs) (Jeffrey
et al., 1991; Schmidt et al., 1997), in which the expression
of all isotopomer mass balances of a metabolite pool is
achieved in a single matrix equation. In analogy to label
distribution vectors of the AMM approach, IMMs use iso-
topomer distribution vectors (IDVs). Its notation is binary
(hence the subscript ‘bin’) using a ‘‘0’’ for absence and a
‘‘1’’ for presence of isotope label. For metabolite A in the
metabolic network depicted in Scheme 4 , the IDV IA will
contain 26 = 64 elements (2n isotopomers, where n is the
number of carbons in the metabolite). The individual
matrices shown in Scheme 7 are combined into one large
matrix (Scheme 8).

The IDVs of product molecules are obtained by matrix
multiplication of IMMs (which inform about the reaction
mechanism) and IDVs of the reactants (Schmidt et al.,
1997). IMMs contain all pairs of reactant isotopomers
responsible for the synthesis of specific product isotopo-
mers in all positions of the product IDV. Thus, IMMs
can be used to identify the substrate isotopomer from
which a specific product isotopomer was synthesized. There
will be as many IMMs as the number of pairs of reactants
and product molecules in a biochemical reaction (Schmidt
et al., 1997). IMMs can be generated from AMMs in an
iterative process, which we illustrate for reaction (6) of
Scheme 6 in Supplementary Material 1. For a detailed
explanation of the analytical solution and the interpreta-
tion of these results, see Schmidt et al. (1999).
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Scheme 8. Example for generating isotopomer distribution vectors.
2.3.3. Cumomer balancing

Wiechert et al. (1999) developed an approach that sim-
plifies the computational solution of balance equations
where isotopomer variables are transformed into cumomer
(cumulated isotopomer) variables. Cumomers are ‘‘virtual
molecules’’ defining a set of isotopomers. The notation
used for cumomers uses a ‘‘1’’ for a labeled carbon atom
and an ‘‘X’’ for an atom that is either labeled or unlabeled,
which means that the binary notation of isotopomer bal-
ancing (e.g., C100bin) becomes a positional notation (e.g.,
C1XX). Cumomers can be combined into fractions (0-cum-
omer fraction for Cxxx; 1-cumomer fraction for C1XX,
CX1X, CXX1; 2-cumomer fraction for C11X, CX11, C1X1; 3-
cumomer fraction for C111). In analogy to the example of
the three-carbon metabolite isotopomers of Scheme 4, the
cumomer fractions are depicted as follows (gray shading
is used to indicate an isotope-labeled carbon, whereas gray
and white stripes are used to indicate a carbon atom that is
either isotope-labeled or not) (Scheme 9).

A novel framework for estimating flux distribution has
been proposed (the elementary metabolite units (EMU)
concept), which supposedly further simplifies the solution
of isotopomer and cumomer equations; however, at the
time of submission of this article only an abstract of the
work was available online (Antoniewicz et al., 2007).

2.3.4. Bondomer balancing

The bondomer balancing concept includes, in addition
to isotopomer distributions, information about carbon–
carbon connectivity in metabolites. Bondomers of a metab-
olite differ in the number and positions of C–C bonds that
remain intact after an isotope-labeled substrate enters a
metabolic network (van Winden et al., 2002). An advan-
tage of the bondomer balancing method over isotopomer
balancing is that the number of required balance equations
is lower, which makes bondomer balancing less computa-
tionally intense (van Winden et al., 2002). The bondomer
balancing approach has been limited to experiments with
[U-13C]-labeled substrates (2H or 15N do not provide infor-
mation about the integrity of C–C bonds). An expansion of
this concept to include C–H or C–N bonds is conceivable
but would require [U-13C; U-2H] or [U-13C; U-15N]-labeled
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substrates and would be computationally challenging.
Bondomer distributions can be constructed in the same
way as isotopomer distributions, except that the binary dig-
its representing labeled or unlabeled states in isotopomer
balancing represent the origin and integrity of C–C bonds
in bondomer balancing. Scheme 10 illustrates the concept
of evaluating bond integrity using the metabolic network
example of Scheme 4.

In the reactions shown in Scheme 10 several bonds are
broken and the atoms of the metabolites are regrouped in
every cycle until the metabolic network reaches isotopic
steady-state. Using two-dimensional 13C NMR, the pro-
portion of intact 13C–13C bonds in a particular metabolite
can be determined. In analogy to isotopomer balancing,
bondomer balancing uses the terms C–C bond mapping
matrices (CCMMs), C–C bond vectors (CCVs), bondomer
distribution vectors (BDVs) and bondomer mapping matri-
ces (BMMs), which replace AMMs, label distribution vec-
tors, IDVs and IMMs, respectively (van Winden et al.,
2002). A new arithmetic approach for simulating bondo-
mer distributions is based upon Boolean function mapping
(Sriram and Shanks, 2004; Sriram et al., 2004). Using this
method the topology of hypothetical pathways can be
adjusted iteratively to match experimental isotopomer
labeling results, thus allowing experimenters to test differ-
ent pathway hypotheses.

2.4. Metabolic flux analysis for modeling of plant metabolic

networks

Before attempting to conduct labeling experiments with
subsequent mathematical modeling, it is important to
understand to what extent the experimental design deter-
mines the possible outcomes. In principle, there are two
types of isotope labeling approaches: whereas the tran-
sient approach requires sampling the time course as an
isotopic label moves from an initial labeled substrate
through the entire metabolic network, the steady-state
approach is based upon a single measurement of labeled
metabolic intermediates or end products at metabolic
and isotopic steady-state. For metabolic networks that
contain numerous reversible steps, futile cycles and/or
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Scheme 10. Example of a bond-by-bond representation of the biochemical
reaction network depicted in Scheme 4.
enzymatic steps in different subcellular compartments
(e.g., central carbon metabolism), the dynamic labeling
approach is usually not well suited to investigate flux dis-
tributions and the steady-state approach should be
employed. However, for networks of smaller size and
reduced complexity the dynamic labeling approach can
be very powerful (Matsuda et al., 2003; Boatright et al.,
2004; Roessner-Tunali et al., 2004). It should be noted
that the methods listed under Sections 2.3.1–2.3.4 apply
only to steady-state modeling. For a more detailed discus-
sion of the different isotope labeling approaches the
reader is referred to an excellent recent review by Ratcliffe
and Shachar-Hill (2006). In the upcoming paragraphs we
are going to discuss examples from the literature to illus-
trate the complications when working with plant systems
and highlight the success stories.

2.4.1. Steady-state labeling

Dieuaide-Noubhani et al. (1995) used [1-14C]glucose as a
substrate and the evolution of 14CO2 (the production of
CO2 at steady-state is constant) as an end point measure-
ment to determine when metabolic and isotopic steady-
states were reached. Since under regular conditions CO2

formation increased continuously, the authors ‘‘pre-
starved’’ the root tips by incubating them in a medium that
leads to a depletion of starch pools. Using this protocol a
steady-state was reached after 10 h. Although this experi-
mental trick rendered steady-state flux determinations fea-
sible, it has to be questioned if such drastic treatments
might displace the metabolic pathways studied by the
authors from their usual steady-state. Thus, the fluxes
determined by the authors might reflect metabolism under
stress and could be quite different from those occurring in
unstressed roots. Keeping this caveat in mind, the authors
still provide valuable insights into the pathways utilized for
the biosynthesis of particular cellular metabolite pools.
Labeling with [1-14C], [2-14C] or [6-14C]glucose revealed
the importance of a plastid-localized pentose phosphate
pathway for the formation of phospholipids and starch.
Based on results obtained with feeding [1-13C]glucose and
analysis of ethanol extracts by 13C NMR, it was concluded
that cycling between hexose phosphates and triose phos-
phates occurred (resulting in randomization of label) and
that a high turnover rate of sucrose (synthesis and degrada-
tion) in the cytosol was detectable. Further developments
and expansions of this approach were later employed by
the same group to investigate numerous central metabolic
pathways during the growth cycle of tomato cell suspen-
sion cultures (Rontein et al., 2002). Roughly 30 fluxes were
determined and allowed the authors to distinguish between
pathways that appeared to be relatively resistant to
changes in flux (e.g., glycolysis, pentose phosphate path-
way, and the citric acid cycle) from those that reacted flex-
ibly to flux alterations (e.g., various anabolic pathways).
Edwards et al. (1998) extended these studies by measuring
the 13C fractional enrichment, using 13C NMR and
GC-MS, in glucose 6-phosphate, L-alanine, L-glutamate,
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L-asparate and malate when [1-13C]glucose was proffered to
maize root tips grown. A simple precursor-product model
allowed the authors to calculate the contributions of malic
enzyme (EC 1.1.1.37), pyruvate kinase (EC 2.7.1.40) and
phosphoenolpyruvate carboxylase (EC 4.1.1.31) to mito-
chondrial respiration. Fernie et al. (2001) studied hetero-
trophically grown tobacco callus cultures overexpressing
a mammalian gene encoding 6-phosphofructo-2-kinase/
fructose-2,6-bisphosphatase (EC 2.7.1.105/EC 3.1.3.46).
This enzyme synthesizes fructose 2,6-bisphosphate, an allo-
steric regulator of the glycolytic enzyme fructose 1,6-bis-
phosphatase (EC 3.1.3.11) in photosynthetic tissues.
Based on labeling experiments with [1-13C]glucose and sub-
sequent analysis of ethanol-soluble metabolite fractions by
1H and 13C NMR, increases in the rate of cycling of triose
phosphates to hexose phosphates were observed in trans-
genic lines (correlating with fructose-2,6-bisphosphate lev-
els), whereas the rate of sucrose cycling was not affected.
Unexpectedly, metabolic conversions of [U-14C]glucose or
[U-14C]glycerol into organic acids, amino acids and lipids
in transgenic lines with increased fructose 2,6-bisphosphate
levels, when compared to appropriate controls, were very
similar (Fernie et al., 2001). Eisenreich and coworkers
developed a 13C NMR-based approach to evaluate labeling
patterns following steady-state labeling with a combination
of both isotope-labeled and unlabeled substrates; the
results can be used to infer the biosynthetic origin of inter-
mediates in central carbon metabolism (Glawischnig et al.,
2001, 2002) and, thanks to the development of an improved
computational analysis, has provided information about
glucose recycling in tobacco plants (Ettenhuber et al.,
2005a) and has provided evidence that, based on the anal-
ysis of kernels from genetically diverse maize lines, fluxes
through central carbon metabolism are quite robust
(Ettenhuber et al., 2005b; Spielbauer et al., 2006). Some
of the most informative isotope labeling-based metabolic
flux studies with plants were those aimed at elucidating
the control of central carbon metabolism in embryos of oil-
seed rape (Schwender and Ohlrogge, 2002; Schwender
et al., 2003, 2004a, 2006) which have been discussed in
detail in a recent review (Ratcliffe and Shachar-Hill, 2006).

2.4.2. Dynamic labeling

The dynamic labeling approach was utilized to charac-
terize changes in phenylpropanoid metabolism in potato
tubers after wounding (Matsuda et al., 2003). The
authors determined that the fluxes leading to N-p-couma-
royloctopamine (pCO) and chlorogenic acid (CGA),
which are derived independently from a common precur-
sor (p-coumaroyl-CoA), are not evenly distributed (4:1
flux ratio in favor of the pCO over the CGA branch).
It was also shown that the breakdown rate of CGA
was lower than that of pCO; because of its high turn-
over, pCO did not accumulate to high levels. The same
approach was used in a follow-up paper studying the
effect of oligosaccharide elicitor treatments on metabolic
fluxes in potato tubers, which lead to a vastly increased
flux into pCO (8.9-fold higher than in controls) and a
decreased flux into CGA (2.7-fold lower than in controls)
and metabolites derived from it (Matsuda et al., 2005).
Despite the high pCO turnover rate, the elicitation
resulted in a 25-fold transient increase in pCO levels.
Boatright et al. (2004) studied a complex network of
reactions metabolizing [2H5]phenylalanine to phenylprop-
anoids and benzenoids in excised petunia petals using the
dynamic labeling approach. MFA revealed quantitative
information about the branching of flux via CoA-depen-
dent (b-oxidative) and CoA-independent (non-b-oxida-
tive) pathways. A model prediction associated
benzylbenzoate (BB), the role of which had not been pre-
viously defined, with the biosynthesis of benzoic acid and
derived metabolites. The hypothesis that BB is a key
intermediate in this pathway was substantiated by identi-
fying and characterizing a petunia enzyme that catalyzes
the formation of BB from benzoyl-CoA and benzyl alco-
hol. McNeil et al. (2000a) used mathematical modeling
of [14C] and [33P] labeling data to determine the main
route through the metabolic grid of choline (Cho) bio-
synthesis from ethanolamine in tobacco leaf disks. Fol-
low-up work by the same group (McNeil et al., 2000b)
assessed the role of compartmented fluxes (cytosolic,
plastidial, vacuolar and apoplastic reaction were consid-
ered) in determining the fate of Cho with respect to its
conversion into glycine betaine (in plastids). Based on
computer simulations several constraints for glycine beta-
ine accumulation were suggested: (1) small cytosolic Cho
pool, (2) low capacity for phospho-Cho synthesis, (3)
high Cho kinase activity and (4) low activity for Cho
uptake into plastids. The first three constraints would
limit precursor synthesis and all enzymes involved in this
process had been characterized, whereas the fourth con-
straint indicated that an as yet unidentified transport
activity might be important in the regulation of glycine
betaine biosynthesis. This study provides an example of
how experimentally testable hypotheses can be derived
from predictions generated by mathematical modeling.
The redistribution of radiolabel (from [U-14C]glucose)
and isotopic label (from [1-13C]glucose) in potato tubers
subjected to low temperatures was investigated by Mal-
one et al. (2006). It was concluded that the increased
sugar accumulation during cold storage, which renders
tubers unsuitable for further processing, was not caused
by the lability of certain enzymes as proposed in earlier
works. Alonso et al. (2006) used pulse-labeling with
[14C]glucose to assess unidirectional rates of synthesis
of major storage molecules (sucrose, starch and cell wall
carbohydrates) and combined it with steady-state labeling
using [1-13C] and [U-13C]glucose to quantify the extend
of futile cycling in maize root tips. These studies identi-
fied a new glucose 6-phosphate to glucose cycle that is
responsible for consuming a vast amount of ATP
(roughly 40% of the total ATP). Enzyme assays con-
firmed the presence of substantial glucose 6-phosphate
phosphatase activity in root tips.
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2.4.3. Highlight: central carbon metabolism in soybean

embryos

In the present review we are highlighting the develop-
ment of an improved computational framework for the
analysis of isotopomer abundances and its application to
metabolic flux quantification in developing soybean
embryos (Sriram et al., 2004). Labeling experiments of
in vitro cultured, excised cotyledons were performed with
a mixture of [U-13C]glucose, glucose with natural 13C
abundance, and glutamine (Fig. 2). Storage protein and
starch were extracted, hydrolyzed, and the resulting amino
acids, sugars and derived hydrolyzates were subjected to
analysis by two-dimensional [1H, 13C] NMR, primarily
using the heteronuclear single quantum correlation
(HSQC) pulse sequence. Assessment of cross peak intensi-
ties in NMR spectra and the evaluation of 13C–13C scalar
coupling allowed isotopomeric abundances to be quantified
for the aliphatic carbon atoms of 16 amino acids, the aro-
matic carbon atoms of phenylalanine, tyrosine and histi-
dine, and for hexose sugars (which were detected as their
hydrolysis products levulinic acid and hydroxyacetone)
without prior purification of the analytes. Based on the
available biochemical information in the literature, the
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ber in both the cytosol and plastids), whereas in other cases
cytosolic and plastidial fluxes remained indistinguishable
(light blue arrows in Fig. 2). Taken together the study by
Sriram et al. (2004) represents the single most comprehen-
sive metabolic flux analysis performed in a plant system to
date. This integrative approach, which could be extended
to other crop plants, has potential for providing valuable
data to inform metabolic engineering and/or molecular
breeding efforts aimed at enhancing key metabolic traits.
Fig. 3. Dynamic simulation of changes in metabolite concentrations over
time for the metabolic network depicted in Scheme 1 (for assumed kinetic
parameters and other details see text).
3. Kinetic analysis of metabolic networks

Stoichiometric network models can be generated using
metabolic reconstructions that are based upon predictions
of the coding capacity of sequenced genomes. This mod-
eling approach is a first logical step in the exploration
of the basic properties of the metabolic network. As out-
lined in Supplementary Material 1, linear programming
tools can be used to calculate optimal flux distributions
in the network when physicochemical constraints and
objective functions (e.g., the systems is geared toward
maximizing the yields of particular sink products) are
applied. Methods of metabolic pathway analysis can then
be used to obtain the feasible set of pathways operating in
a given metabolic network. Isotopomer balancing can be
employed to assign quantitative fluxes to specific branches
of pathways or even individual steps. However, when sci-
entists have aimed at changing fluxes by metabolic engi-
neering (without disturbing the overall cell physiology),
it has been very hard to determine the expression levels
of which enzyme(s) needed to be modified. In complex
networks (and almost all plant pathways have to be con-
sidered as being part of larger networks) intuitive
approaches to the optimization of fluxes have remained
unsatisfactory. Mathematical models that describe the
dynamic properties of metabolic networks (predicting var-
iation of metabolite concentrations over time) build on
known rate equations (expressing enzyme properties and
behavior in the presence of effectors) for individual enzy-
matic reactions and the definition of a metabolic network
under consideration as a set of interdependent ODEs.
Usually,algebraic solutions cannot be obtained for these
systems of ODEs but various software packages have
been introduced that allow calculating numerical solutions
(iterative process of approximation and error correction)
(for an overview of available software see Table 1). Once
a kinetic model has been constructed it is possible to cal-
culate the relative impact of an enzymatic step on the con-
centration of a metabolite the production of which one
wishes to optimize. Although potentially very powerful
and information-rich, such modeling efforts suffer from
the disadvantage that most kinetic data are obtained with
purified enzyme preparations in test tubes (in vitro kinet-
ics), which might not be good reflections of kinetic char-
acteristics within the cell (in vivo kinetics) (Steuer et al.,
2006) and it has been suggested that approximative
approaches to infer in vivo enzyme kinetics should be
employed (Teusink et al., 2000; Heijnen, 2005).

3.1. Case study of kinetic modeling and dynamic simulation

We will consider the metabolic network described in
Scheme 1 under the assumption that the transport fluxes
b1, b2 and b3 exert negligible control over flux; this means
that only the irreversible reaction fluxes v1, v2 and v3 need
to be considered. To obtain the mass balances for metabo-
lites A, B and C, the reaction network stoichiometry (I) is
combined with Michaelis–Menten type enzyme kinetics
(II) for each enzymatic step:

ðIÞStoichiometric balances ðIIÞMichaelis–Menten rate equations

dA
dt
¼ �v1 � v2; v1 ¼ vmaxðEnz1Þ �

A
Aþ KmðEnz1Þ

;

dB
dt
¼ v1 � v3; v3 ¼ vmaxðEnz3Þ �

A
Aþ KmðEnz3Þ

;

dC
dt
¼ v3 � v2; v2 ¼ vmaxðEnz2Þ �

A
Aþ KmðEnz2Þ

:

The variation of metabolite concentration over time (dM/
dt) is equal to the difference of its rate of formation and
its rate of consumption. Let us assume that we have mea-
sured an initial substrate concentration ([A] = 1 lM) and
that we have obtained the following values for Km and
V max : KmðEnz1Þ ¼ 0:8 lM; KmðEnz2Þ ¼ 0:1 lM; KmðEnz3Þ ¼
0:004 lM; V maxðEnz1Þ ¼ 0:0018 lM s�1; V maxðEnz2Þ ¼ 0:0018
lM s�1; V maxðEnz3Þ ¼ 0:000012 lM s�1. The simultaneous
solution of the system of ODEs (for our example we used
the ‘ode45’ function in the MATLAB� software; the code
is available in Supplementary Material 1) then allows for
the dynamic simulation of the changes in metabolite levels
(Fig. 3).
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3.2. Kinetic models of plant metabolic networks

The majority of complex kinetic models generated to
describe the control of plant metabolism are focused on
photosynthesis and related pathways of central carbon
metabolism (Table 2), which are among the most studied
pathways in plants. Morgan and Rhodes (2002) have dis-
cussed the outcomes of these modeling efforts in an excel-
lent recent review article. In this section we will thus not
review these papers again but have decided to make a
few comments about future directions. Most pathways of
primary metabolism are somewhat conserved among
eukaryotes and, if kinetic constants should not be available
for a particular plant enzyme, they can be estimated based
on the values obtained with the same enzyme from another
organism. There is, of course, a danger when kinetic con-
stants are inferred from the literature; thus, kinetic models
need to be evaluated against experimental data. In this
regard, measurements of metabolite pool sizes are of criti-
cal importance to test the performance of mathematical
models. However, the quantification of pathway intermedi-
ates is analytically challenging and often neglected. Metab-
olite profiling efforts will need to emphasize increasing the
spectrum of relevant metabolic intermediates (which usu-
ally do not accumulate at high levels and might be chemi-
cally unstable), so that an approximation of modeling and
experimental results can be performed.

3.3. Metabolic control analysis

Metabolic control analysis (MCA) is a method for ana-
lyzing how control over fluxes and metabolite concentra-
tions is distributed among the enzymes that constitute a
metabolic pathway (or a network of pathways). Flux con-
trol is determined by applying experimental perturbations
(one at a time) of each enzymatic step of interest (e.g., by
over-expressing a particular enzyme in transgenic plants)
and measuring the effect on the variable of interest after
the system has reached a new steady-state. The magnitude
of change in a network variable as a response to an exper-
imental perturbation is expressed as a control coefficient
such as the flux control coefficient (FCC):

CJ
Ei
¼ oJ=J

oEi=Ei
¼ o ln J

o ln Ei
;

where CJ
Ei

is the FCC of the ith enzyme, J is the steady-state
flux, and Ei is the specific activity of ith enzyme.

According to the summation theorem, the sum of all
FCCs in a metabolic network is equal to unity (Kacser
and Burns, 1973; Heinrich and Rapoport, 1974; Giersch,
1988; Reder, 1988):

Xn

i¼1

CJ
Ei
¼ 1 summation theorem;

where n corresponds to the number of enzymes involved in
the metabolic system.
An important consequence of the summation theorem is
that FCCs reflect global properties of a metabolic network;
since control of flux is shared by all enzymes, the existence
of rate-limiting steps is very unlikely. How does one actu-
ally assign FCCs? In vitro kinetic data that have been col-
lected for the enzymes of a particular pathway can be used
to calculate elasticity coefficients, which in turn can be used
to calculate FCCs. Elasticity coefficients (ECs) establish a
relationship between enzyme activity and its potential to
control flux. The effect of a metabolite (M) on enzyme
activity is quantified as the fractional change in the reaction
rate (v) due to an infinitesimal change in the concentration
of M (Fell, 1997):

eEi
M

ovi=vi

oM=M
¼ o ln vi

o ln M
:

If M stimulates the rate of reaction (activator), eEi
M will be

greater than zero; if M slows the reaction down (inhibitor),
eEi

M will be negative. ECs are not systemic properties (unlike
FCCs), but rather indicate how sensitive individual enzymes
are to perturbations. The connectivity theorem of MCA
states that the sum of the products of the FCCs and ECs
of all (i) enzymatic steps affected by M equals zero:

Xn

i¼1

CJ
Ei
eEi

M ¼ 0 Connectivity theorem;

where n is the total number of enzymes in the system.
In analogy to FCCs, MCA also defines coefficients that

account for the effect of parameters such as enzyme activity
on intracellular metabolite concentration; these are termed
concentration control coefficients (CCCs). These coeffi-
cients specify the relative change in the level of the jth
metabolite when the activity of the ith enzyme is changed
(note that CCCs can have both positive and negative
values):

CMj
Ei
¼ Ei

Mj
� oMj

oEi
¼ o ln Mj

o ln Ei
:

The summation theorem also applies and states that the
sum of all CCCs equals zero:

Xn

i¼1

CMj
Ei
¼ 0:

MCA thus relates the kinetic properties of individual en-
zymes (local attributes) to the properties of the entire path-
way or network of pathways (global attributes).

3.3.1. Case study of metabolic control analysis

Two different approaches can be used to determine
FCCs. The indirect approach requires the determination
of elasticities which, based upon the connectivity theorem,
can be used to calculate FCCs. The direct experimental
determination of FCCs involves the variation of enzyme
activity and/or kinetic parameters (e.g., by overexpressing
an enzyme using transgenic approaches or inhibitor titra-
tion) and quantifying changes under steady-state condi-
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tions (Delgado and Liao, 1992) (Fig. 4). We will again use
the example shown in Scheme 1 to illustrate the use of the
direct approach. Let us assume that we have generated
transgenic plants with varying levels of expression of the
gene encoding Enz2 (and thus varying levels of Enz2
enzyme activity). By plotting enzyme activity versus flux
as in Fig. 4, a hyperbolic curve is obtained (each ‘x’ sym-
bolizes an enzyme activity/flux pair for one plant line).
The graph represents the steady state pathway flux J as a
function of the activity of an enzyme in the metabolic net-
work under consideration. The calculation of the FCC for
an enzyme at a specific enzyme activity (E*) is performed
by taking the slope of the tangent at that enzyme activity
ðdJ=dEÞjE¼E� and multiplying it by a scaling factor. The
scaling factor includes the enzyme activity normalized with
respect to the steady state flux J � : FCC ¼ ðdJ=dEÞjE¼E� �
E=J ¼ ðdJ=JÞ=ðdE=EÞ. The scaling process makes the
FCCs dimensionless, reflecting rates of change in propor-
tion to the enzyme activity and steady state flux, at the
fixed point (E*,J*). In our example (Fig. 4), E* for the
wild-type plant is 6 (arbitrary units) and for the transgenic
plant 16; J* for wild-type plant is 0.5 (arbitrary units) and
for the transgenic plant 0.75. The slope for the wild-type
plant is 0.05 and for the transgenic plant 0.012. Thus, the
FCCs for Enz2 in the wild-type plants can be calculated
as 0.05 Æ 6/0.45 = 0.66 and for the transgenic plant we
obtain 0.012 Æ 16/0.75 = 0.26. Note that the FCC for
Enz2 in the transgenic plant overexpressing the gene encod-
ing Enz2 is actually lower than that for Enz2 in the untrans-
formed control plants, indicating that a ‘bottleneck’
created by Enz2 in the control plant has been relieved in
the transgenic plant. At the same time, the FCCs for all
other enzymes in the transgenic plant will have changed
as well and another enzyme might now be responsible for
a ‘bottleneck’. This example illustrates that an enzyme that
might have been regarded as being rate-limiting using clas-
sical biochemical terms does not exert appreciable control
over the pathway in the transgenic plant. Flux control is
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Fig. 4. Determination of flux control coefficients using the direct method
of metabolic control analysis (for details see text). Abbreviations: GMO,
transgenic plant; WT, wild-type plant.
a dynamic process and all enzymes of a metabolic network
contribute to it at varying degrees, which can change
depending on the experimental conditions.

3.3.2. Metabolic control analysis for modeling plant

metabolic networks
3.3.2.1. Indirect metabolic control analysis. Poolman et al.
(2000) introduced an approach to modeling photosynthetic
pathways (in particular Calvin cycle, starch metabolism,
and triose phosphate export) that distinguishes between
two different steady-states depending on the magnitude of
the carbon assimilatory flux. Based on an indirect MCA
with regard to Calvin cycle enzymes, only sedoheptulose
bisphosphatase (EC 3.1.3.37) and ribulose bisphosphate
carboxylase/oxidase (Rubisco; EC 4.1.1.39) exert any sig-
nificant control over assimilation. Once carbon is assimi-
lated, other enzymes, most notably the triose phosphate
transporter, become important in controlling the metabolic
fate of assimilates. Thus, a simple strategy to increase car-
bon assimilation by transgenic over-expression of a small
number of genes involved in the Calvin cycle is unlikely
to be successful. Daae et al. (1999) used MCA to evaluate
the feasibility of producing a polyhydroxyalkanoate poly-
mer in transgenic plants. This analysis indicated that the
adjustment of the ratio of the two precursor monomers
would depend on growth conditions (light or dark), the
expression levels of the four transgenes, and the availability
of enzyme cofactors. For the development of a commercial
production system, all of these variables would have to be
carefully considered and controlled. Curien et al. (2003)
developed a kinetic model around phosphohomoserine,
an intermediate metabolite at the branchpoint of methio-
nine and threonine biosynthesis. The authors also consid-
ered that, based on in vitro assays, flux is regulated by
various allosteric controls. An iterative approach of math-
ematical modeling and in vitro experimentation was then
employed to develop a model that can be used to interro-
gate which changes in methionine and threonine levels
are to be expected when the amounts of specific compo-
nents of the metabolic network are modulated. The role
of redistribution of flux control in the competing branches
of glutathione (GSH) and phytochelatin metabolism under
Cadmium stress conditions was studied by Mendoza-
Cózatl and Moreno-Sánchez (2006). In unstressed plants
GSH levels are controlled by demand, whereas under Cad-
mium stress various enzymes control the accumulation lev-
els of GSH and phytochelatins. Transgenic approaches to
increase phytochelatin amounts (and thus Cadmium toler-
ance) without affecting GSH levels would need to take into
account that a balance between competing pathways needs
to be maintained.

3.3.2.2. Direct metabolic control analysis. Kruckeberg et al.
(1989) evaluated the significance of plastidial and cyto-
solic isoforms of phosphoglucose isomerase (EC 5.3.1.9)
in controlling the synthesis of starch and sucrose using
a direct MCA approach based on results obtained with
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Fig. 5. Metabolic control analysis of carotenoid biosynthesis in tomato
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phate; GGPP, geranylgeranyl diphosphate; IPP, isopentenyl diphosphate.

R. Rios-Estepa, B.M. Lange / Phytochemistry 68 (2007) 2351–2374 2369
decreased-activity mutants. The plastidial isozyme was
found to exert considerable control over starch biosynthe-
sis only under high light and CO2 conditions, whereas the
cytosolic isozyme exerted appreciable control only in the
dark. The primary role of the cytosolic isozyme appeared
to be its involvement in sucrose synthesis. Direct MCA to
estimate control coefficients for an individual enzyme in
transgenic plants with varying expression (and thus spe-
cific activity) levels was also performed for Rubisco in
tobacco plants (Quick et al., 1991; Stitt et al., 1991) the
glycolysis enzyme phosphofructokinase (EC 2.7.1.11) in
potato tubers (Thomas et al., 1997a,b) the gluconeogenic
enzyme isocitrate lyase (EC 4.1.3.1) in castor bean seed-
ling endosperm (Runquist and Kruger, 1999) the carote-
nogenic enzyme phytoene synthase (EC 2.5.1.32) in
tomato fruits (Fraser et al., 2002), and the lipid biosyn-
thetic enzyme diacylglycerol acyltransferase (EC 2.3.1.20)
in olive and oil palm tissue cultures (Ramli et al., 2005).
Inhibitor titration studies allowed direct MCA to be
employed for evaluating the importance of acetyl coen-
zyme A carboxylase (EC 6.4.1.2) in regulating lipid bio-
synthesis (Page et al., 1994), for determining the control
of ammonia assimilation in isolated barley chloroplasts
(Baron et al., 1994), and for investigating respiratory flux
in isolated turnip mitochondria (Padovan et al., 1989).
The outcomes of these direct MCA studies have been
covered in previous reviews (Morgan and Rhodes, 2002;
Fernie et al., 2005) and will not be discussed in detail
here.

3.3.2.3. Top down control analysis. If kinetic information is
not available for all enzymes in a metabolic pathway (or a
more complex network of pathways), the application of
‘top down’ control analysis (TDCA), an MCA approach
that groups several reactions in ‘black boxes’ around key
intermediates, may provide useful information (Brown
et al., 1990). TDCA was successfully employed to examine
the relative importance of two blocks of lipid biosynthesis
(plastidial fatty acid biosynthesis and lipid assembly in the
cytosol) in olive and oil palm callus cultures (Ramli et al.,
2002). Although the biosynthesis block exerted higher con-
trol than the lipid assembly block, both blocks exert signif-
icant control; thus, an over-expression of a single enzyme
(or even a small set of enzymes) in transgenic olive or oil
palm cultures is unlikely to result in increased oil yield.
In general, all of the above-mentioned MCA studies have
confirmed that the presence of a true rate-limiting enzyme
is an extremely rare case.

3.3.2.4. Highlight: carotenoid biosynthesis in tomato fruits.

We will discuss one recent paper in more detail as an exam-
ple to illustrate this fact (Fraser et al., 2002). The roots of
this project go back to the early 1990s, when attempts to
increase carotenoid content in transgenic tomato plants
by over-expressing a constitutive copy of the carotenoid
biosynthetic enzyme phytoene synthase (PSY; EC
2.5.1.32) were frustrated by ectopic pigment production
and a stunted growth phenotype (Fray and Grierson,
1993). Follow-up work established that dwarfism was
caused by a lack of precursor availability for the biosynthe-
sis of gibberellins (Fray et al., 1995), which, like carote-
noids, are derived from geranylgeranyl diphosphate as an
intermediate (Fig. 5). Fraser et al. (2002) employed con-
structs featuring a fruit-specific promoter and a transit
sequence, thus targeting recombinant PSY protein to chro-
moplasts of tomato fruits. The FCC of PSY was determined
to be 0.36, whereas FCCs for other enzymes considered
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were at 0.1 or lower (Fig. 5). The 5–10-fold over-expression
of PSY (at the level of specific enzyme activity) lead only to
a roughly two-fold increase in total carotenoids. The FCC
decreased from 0.36 (wild-type controls) to 0.15 (transgenic
plants) with only very moderate increases in carotenoid
content, indicating that flux control is shared by several
enzymes in the carotenoid pathway.
4. Conclusions

Various innovative approaches for metabolic flux analy-
sis have been employed with plants in recent years (e.g., ele-
mentary modes analysis and isotopomer balancing), with
other methods having potential although they have not
yet been utilized (e.g., extreme pathway analysis). Meta-
bolic flux analysis is a very active research field and has
yielded valuable insights particularly into the regulation
of central carbon metabolism. In contrast, kinetic
approaches to estimate flux control were pursued by
numerous groups in the 1990s and early 2000s but only a
few studies have been published in this area recently. This
might in part be due to a shift in governmental funding pri-
orities, which have led to vast increases in the number of
genomics-based studies, whereas our knowledge regarding
the kinetic properties of individual metabolic enzymes
has not kept pace. Both approaches depend on each other
to provide an in-depth understanding of flux control and it
should thus be a high priority for funding agencies to help
reinvigorate classical biochemistry.
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