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Summary statement: Diverse approaches have been developed in order to analyse 15 

metabolic fluxes. These can be broadly divided into stationary methods which require 16 

that the system under study is at isotopic as well as metabolic steady state and 17 

instationary methods for which only metabolic steady state is a pre-requisite. Here we 18 

review the use of instationary methods to interrogate plant metabolism and its 19 

regulation. 20 
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ABSTRACT 1 

Metabolic fluxes and the capacity to modulate them are a crucial component of the 2 

ability of the plant cell to react to environmental perturbations.  Our ability to 3 

quantify them and to attain information concerning the regulatory mechanisms 4 

which control them is therefore essential to understand and influence metabolic 5 

networks. For all but the simplest of flux measurements labelling methods have 6 

proven to be the most informative. Both steady-state and dynamic labelling 7 

approaches having been adopted in the study of plant metabolism. Here the 8 

conceptual basis of these complementary approaches, as well as their historical 9 

application in microbial, mammalian and plant sciences are reviewed and an 10 

update on technical developments in label distribution analyses is provided. This is 11 

supported by illustrative cases studies involving the kinetic modelling of secondary 12 

metabolism. One issue that is particularly complex in the analysis of plant fluxes is 13 

the extensive compartmentation of the plant cell. This problem is discussed from 14 

both theoretical and experimental perspectives and the current approaches used to 15 

address it are assessed. Finally, current limitations and future perspectives of 16 

kinetic modelling of plant metabolism are discussed. 17 

 18 

Key-words: steady-state modelling, kinetic flux profiling, metabolite, flux, 19 

compartmentation, isotope labelling, metabolic regulation 20 
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INTRODUCTION 1 

 2 

The last fifteen to twenty years have seen the advent and adoption of a battery of 3 

technologies which have transformed biology by greatly accelerating data 4 

acquisition to the level where it is often no longer limiting and provides systems-5 

wide information. The most frequently adopted approaches remain focused on 6 

levels of mRNA particularly since next generation RNAseq approaches have been 7 

widely embraced (Weber et al., 2007; Matas et al., 2011; Lohse et al., 2012), 8 

however, proteomics platforms are affording ever greater coverage (Baerenfaller et 9 

al., 2008) and providing ever finer spatial resolution of organellar and sub-10 

organellar proteomes (Giege et al., 2003; Ito et al., 2011; Hu et al., 2012). In a 11 

similar vein, developments in metabolic profiling have led to increased coverage 12 

from 100s to 1000s of metabolites and have additionally begun to map the spatial 13 

abudance of these metabolites (Kruger et al., 2012). In parallel to these huge 14 

inventories of changes in steady-state levels, which have allowed hypothesis 15 

generation concerning many diverse aspects of biological interactions, 16 

sophisticated intergrative analyses and higher level cellular understanding of 17 

cellular dynamics have begun to be attempted (Sweetlove, Last & Fernie, 2003; 18 

Schwender, Ohrogge & Schacher-Hill, 2004; Sulpice et al., 2009). Here we 19 

concentrate on metabolic fluxes and especially those based on isotope labeling. 20 

We outline both steady-state and dynamic labeling approaches illustrating the latter 21 

with examples from plant specialized metabolism. We additionally discuss the 22 

problems arising from the extensive compartmentation of the plant cell before 23 

providing our own view as to the current limitations and future perspectives of 24 

kinetic modeling in plants. 25 

 26 

Whilst the focus of this article is on modelling of fluxes the value of tracer 27 

experiments in establishing the structures underlying metabolic pathways should 28 

not be underestimated (Fernie, Geigenberger & Stitt, 2005). Similarly, studies into 29 

metabolic flux based on simply acquired experimental data such as gas exchange, 30 

end-product accumulation or spatial resolution of single metabolite concentrations 31 

provided invaluable insight into how the study of flux can inform our understanding 32 

of metabolic regulation (for recent examples see (Araujo et al. 2012, Geigenberger, 33 

Stitt & Fernie, 2004, Wiechert et al. 2007). For these reasons before describing 34 

studies in which isotope labelling is used as a means to determine metabolic fluxes 35 
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per se we will begin by describing both early and current studies reliant on less-1 

sophisticated or, in the case of genetically-encoded metabolite sensors, more 2 

specific analytical techniques.  3 

 4 

There are many examples of the importance of the use of tracer studies; classical 5 

examples include, but are in no means limited to, the elucidation of  6 

And the Calvin-Benson cycle in Chlorella (Calvin, 1962) and the glyoxylate cycle in 7 

Pseudomonas fluorescens (Kornberg, 2000, Kornberg, 1958) and plants (Kornberg 8 

& Beevers, 1957). More recently, the approach has been highly instructive in 9 

establishing the primary plant pathway for ascorbate biosynthesis (Wheeler, Jones 10 

& Smirnoff, 1998), as well as, amongst others, clarifying pathways or lipid, volatile 11 

dimethylsulphonate and isoprenoid biosynthesis in plants and photosynthetic 12 

bacteria (Bao et al. 2002, Gage et al. 1997, Tieman et al.  2006), as well as lysine 13 

degradation in plants (Araujo et al., 2010, Dal Cin et al., 2011). At a more 14 

fundamental level, the tracer approach has also been employed to great extent to 15 

confirm that metabolites detected in plant extracts were truly of plant origin. An 16 

early example of this was the investigation by Graham and ap Rees of the 17 

occurrence of fructose 1-phosphate in higher plant species (Graham & ap Rees, 18 

1965). This method has, however, been embraced on a much broader level for the 19 

evaluation of the 10s to 100s of metabolites detected by current metabolomics 20 

methodologies (Feldberg et al.,2009, Giavalisco et al., 2009, Giavalisco et al.,  21 

2011). The use of isotope tracers moreover often provide the prerequisite 22 

underlying structures of metabolic pathways – information that is essential for any 23 

but the most simplest type of modelling. An alternative route to this information is 24 

that described by the seminal paper of Schuster and co-workers (Schuster, Fell & 25 

Dandekar, 2000) whereby metabolic models are constructed in silico by a method 26 

reliant entirely on their stoichiometry. Several groups have recently adopted 27 

combined experimental and bioinformatics approaches to interrogate biochemical 28 

pathways (see for example; Schwender et al. 2004, Williams et al. 2010) and 29 

detailed discussion below) and it is widely acknowledged that such a route will 30 

ultimately be a very powerful one (Sweetlove & Ratcliffe, 2011). 31 

 32 

Before moving onto the modelling of complex fluxes we feel it is important to note 33 

that isotope labelling has had a long and highly useful history in providing crucial 34 
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information concerning the regulation of metabolic processes in plants. Whilst the 1 

above examples illustrate the importance of the tracer approach in the qualitative 2 

determination of pathway structure it is important to acknowledge the vast literature 3 

emanating from radiolabel studies which addressed many important questions 4 

regarding the regulation of end-product synthesis. Early studies include, but are in 5 

no means limited to, seminal studies into the effect of oxygen tension on rates of 6 

plant respiration and its elevation during fruit ripening (Blackman, 1954), the 7 

relative production of organic acids by dark fixation reactions and the TCA cycle in 8 

corn roots (Lipps & Beevers, 1966), evaluation of conditional glucose dissimilation 9 

rates in germinating castor beans (Gibbs & Beevers, 1955 ) and other species 10 

including corn, pea, sunflower, parsley, soybean, carrot  and Arum spadix (ap 11 

Rees, Fuller & Wright, 1976, ap Rees & Royston, 1971, Beevers & Gibbs, 1954, 12 

Bryant & ap Rees, 1971) relative rates of incorporation of 14C derived from 13 

radiolabelled acetate into organic acids, amino acids, protein and CO2 in rose cell 14 

suspension cultures (Fletcher & Beevers, 1970). In addition early studies were 15 

carried out employing positionally radiolabelled glucoses to ascertain of the 16 

oxidative pentose phosphate pathway flux in Pisum sativum and Triticium aestivum 17 

(Stitt and ap Rees, 1978).These studies all provided important insights into relative 18 

rates of the various routes of carbohydrate oxidation as well as mechanistic 19 

understanding of their regulation. More recent studies developed on these ground 20 

breaking studies as well as those from non-plant systems notably a series of 21 

papers by Katz and co-workers in the 1960s whereby radiolabel experiments were 22 

combined with chemical dissection in order to better characterise both forward, 23 

reverse and exchange fluxes through the major pathways of mammalian 24 

carbohydrate oxidation (Katz, Landau & Bartsch, 1966, Katz & Rognstad, 1966, 25 

Katz & Wood 1960, Katz & Wood 1963). Initially similar methods were used in 26 

plants (Stitt et al., 1983; Hajirezaei et al.  1994, Hill & ap Rees, 1994, Hill & ap 27 

Rees, 1995, Hill et al. 1995), however, such laborious methods have over time 28 

been replaced, or at least augmented, by targeted NMR studies (Fernie et al.  29 

2001, Hajirezaei et al., 1994, Hatzfeld & Stitt, 1990, Keeling et al.  1988, Viola, 30 

Davies & Chudeck, 1991). Regardless of the methods by which these fluxes were 31 

assessed all of these approaches allowed a far greater comprehension of the 32 

molecular exchange occurring within and between the major plant intracellular 33 

carbon pools and also required the development of more sophisticated 34 
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mathematical descriptors – which we will return to in subsequent sections. Use of 1 

such methods have been important in the systematic analysis of the metabolic 2 

control of flux both of starch biosynthesis in leaves (Neuhaus & Stitt, 1990) and 3 

potato tubers (Geigenberger et al., 2004), whilst simple gas exchange 4 

measurements allowed the assessment of the control of flux through the TCA cycle 5 

(Araujo et al., 2012). 6 

 7 

It should be stressed that the measurement of steady-state metabolite levels alone 8 

provides strong clues both to the metabolic activity of a tissue and to the metabolic 9 

response of an organism to environmental or genetic perturbation (Soga, 2007). 10 

Such studies have led to a considerable broadening of our understanding of for 11 

example the metabolic response to both biotic (Chen et al.  2009) and abiotic 12 

stress (Obata & Fernie, 2012, Urano et al.  2010) as well as helping to provide 13 

insight into how such responses are mechanistically invoked (Schauer & Fernie, 14 

2006). It is, however, important to note that since the majority of metabolites 15 

determined by current profiling techniques are not end-products but intermediates 16 

of metabolic pathways, such approaches are generally incapable of resolving 17 

issues of metabolic dynamics (Fernie et al., 2005). Although it has previously been 18 

argued that changes in enzyme activity will provoke greater impact on steady-state 19 

metabolite levels than on fluxes (Cornish-Bowden & Cardenas, 2001, Raamsdonk 20 

et al.  2001), there are several examples in which fluxes through a pathway change 21 

without corresponding changes in the levels of the metabolic intermediates or even 22 

the products of a pathway. A particularly striking example of this is the fact that the 23 

rate of photosynthesis can change several-fold without detectable changes in the 24 

levels of metabolites of the Calvin-Benson cycle (Stitt, 1996). More recent 25 

examples include the increase in flux to starch without an increase in starch 26 

accumulation on the overexpression of an unregulated bacterial ADPglucose 27 

pyrophosphorylase (AGPase) in potato tubers (Sweetlove, Burrell & ap Rees, 28 

1996) and metabolic inefficiencies in plant metabolism revealed by the metabolic 29 

flux analysis of ATP dissipation in substrate cycles (Chen & Shachar-Hill, 2012). 30 

These three examples all demonstrate that just measuring steady-state 31 

concentrations may be insufficient and as such suggest that the measurement of 32 

flux is a highly important component of modern functional genomics and systems 33 

biology (Fernie, 2012).  34 
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Although we present several examples of the modelling of simple fluxes which do 1 

not require labelling, methods that use isotopes are essential for the analysis of 2 

complex metabolic networks. Pathways often branch in a manner in which  several 3 

products are formed from one substrate. Conversely, it is also often possible to 4 

generate a given product from several alternative substrates. The use of isotope 5 

labelling is further complicated by the issue of multiple pools of metabolites present 6 

at distinct sub-cellular locations within the cell. In this review we will provide an 7 

overview of the principles of steady-state and kinetic modelling and discuss 8 

illustrative examples of their application in plant systems. Following this we will 9 

review the state-of the art of experimental label distribution analysis before 10 

providing a detailed description of kinetic flux profiling with specific examples of its 11 

application in the green lineage. Kinetic modelling of plant secondary metabolic 12 

pathways will be discussed. This section will be followed by the important issue in 13 

dealing with subcellular compartmentation. Finally, we conclude with a description 14 

of future challenges and opportunities in the field of dynamic analysis and 15 

modelling of plant metabolism.  16 

 17 

TECHNICAL DEVELOPMENTS IN LABEL DISTRIBUTION 18 

ANALYSIS 19 

 20 

Before discussing examples of the use of flux profiling in plants it seems fitting to 21 

first provide a brief update of technical developments which have facilitated these 22 

types of isotope analyses. The labelling of metabolites and end-products is 23 

routinely analysed by nuclear magnetic resonance (NMR) spectroscopy and/or 24 

mass spectrometry (MS) (Allen & Ratcliffe, 2009, O'Gradyet al. 2012, Ratcliffe & 25 

Shachar-Hill, 2006; Kleijn et al. 2007, Krueger et al. 2012)) We will here briefly 26 

describe the current state-of-the art of both techniques individually and then also 27 

describe other developments which are needed in future attempts to more 28 

accurately estimate intracellular metabolite fluxes.  29 

 30 

NMR which is sometime also coupled with liquid chromatography (LC) for 31 

metabolite separation (Exarchou et al. 2005) offers the advantage that it is facile to 32 

detect the labelling in different positions within a metabolite. This maximises the 33 

amount of information available to solve the metabolic flux map and allows 34 

information concerning transfer fluxes to be computed. The use of 35 
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multidimensional NMR has improved resolution to an extent that it is often possible 1 

to gain informative data from protein hydrolysates without the need for 2 

chromatographic separation – a fact that reduces the cost and machine time need 3 

for each analysis. It is important to note that the complexity of plant metabolic 4 

networks is so great that it is often difficult to decipher meaningful results from 5 

plant extracts without additional upstream separation (Kim, Choi & Verpoorte, 6 

2011, O'Grady et al., 2012). However, it seems reasonable to assume that these 7 

problems are not insurmountable. A larger problem for NMR is its relative 8 

insensitivity in comparison to MS based methods (O'Grady et al., 2012). However, 9 

recent advances in NMR spectroscopy, such as cryo- and small sample volume 10 

probes and multinuclear and multidimensional techniques, have attempted to 11 

ameliorate this drawback (Fan & Lane, 2008). By contrast to most MS techniques, 12 

it is also possible to carry out monitoring of metabolism within living plant cells via 13 

NMR, which has proven useful in analysing unidirectional reaction rates in plant 14 

cells in response to changes in temperature or oxygen concentration (Roscher et 15 

al., 1998).  16 

 17 

MS can either be paired with gas or liquid chromatography or capillary 18 

electrophoresis for effective separation and detection of metabolites. Moreover it 19 

can be used in tandem to increase resolution. Gas chromatography (GC) is 20 

attractive given is stability and resolution capacity (Fernie et al. 2004) although it is 21 

important to note that it is not suitable for all metabolite types with for example 22 

phosphorylated intermediates are much more reliably measured by LC based 23 

methods (Arrivault et al. 2009). The requirement that the metabolite is volatile or 24 

can be rendered as such by derivatization also constrains the size of the 25 

metabolites which can be measured rendering it ineffective for the analysis of most 26 

secondary metabolites. For this reason LC methods are often preferable whilst it 27 

does not resolve peaks as sharply as GC it is capable of resolving many key 28 

metabolites. Furthermore, recent years have seen the development of suggestions 29 

for the standardized reporting of MS based metabolomics data (Fernie et al. 2011, 30 

Fiehn et al., 2008, Tohge et al., 2011), these will likely be equally useful for those 31 

concerned with flux profiling. Also of interest in this context are the recent papers 32 

highlighting the expansion of metabolomics methods by the incorporation of heavy 33 

isotope into plants (Feldberg et al., 2009, Giavalisco et al., 2009, Giavalisco et al., 34 
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2011), whilst not designed for the determination of flux themselves these 1 

experiments clearly highlight the breadth of applicability that this approach has the 2 

potential to achieve. A further capacity of the MS approach is the use of tandem 3 

MS or of pre-separation by tandem chromatography frequent examples of both of 4 

these have appeared in the literature in recent years (see for example Tohge et al., 5 

2011, Vogel et al., 2010). The other separation technique commonly coupled with 6 

MS is capillary electrophoresis this, like LC is a gentler method of separation than 7 

GC and is thus able both to maintain the more labile metabolites in their native 8 

form and exhibits a high degree of resolution (Monton & Soga, 2007). That said 9 

this approach is currently less commonly used following isotope labelling than GC 10 

or LC-MS based methods.  11 

 12 

Whilst the sensitivity of the MS is the main advantage of this approach the fact that 13 

it does not readily yield positional labelling information is its major drawback. This 14 

effectively means that it can only group isotopomers by mass and not by positional 15 

information. Whilst even in this manner they can provide enough information for the 16 

fitting of flux values there are possibilities of using the ion fragmentation pattern to 17 

recover a portion of the positional data. This works because metabolites are known 18 

and indeed well documented to display consistent fragmentation patterns 19 

(Christensen and Nielsen, 1999; Dauner and Sauer, 2000; Schwender, Ohlrogge & 20 

Shachar-Hill Y., 2003; 2006; Huege et al., 2007). The mass distribution of key 21 

fragments in comparison to that of the molecular ion can thus be used to decipher 22 

labelling of individual metabolite fragments ( Christensen and Nielsen, 1999; 23 

Dauner and Sauer, 2000; Schwender, Ohlrogge & Shachar-Hill Y., 2003; 2006; 24 

Huege et al., 2007;  Allen, Shachar-Hill & Ohlrogge, 2007). The absence of 25 

derivatization and less harsh ionization methods render the availability of 26 

comparable information in LC-MS experiments considerably less problematic 27 

(Szecowka et al.,2012). However, analysis of tandem MS can on comparison of 28 

the labelling between daughter and parent ions facilitate the collection of positional 29 

information (Choi & Antoniewicz, 2011). Thus whilst in principle the combination of 30 

NMR and MS methods is complimentary and they have often been used 31 

synergistically in metabolic flux analysis of plant systems (see for example (Alonso, 32 

Goffman, Ohlrogge & Shachar-Hill, 2007, Hay & Schwender, 2011, Lonien & 33 

Schwender, 2009, Williams et al., 2010), method developments may render the 34 
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practice of one using MS methods more common in the future. Such an approach 1 

is already taken particularly in cases where intermediates are analysed but also in 2 

studies of prokaryotes or seed plants in which simple networks or models are being 3 

used (Colon et al., 2010, Szecowka et al., 2012, Young et al., 2011).  4 

 5 

Another area in which considerable technical advances are currently underway is 6 

at the level of spatial resolution of metabolism (Aharoni & Brandizzi, 2012, Krueger 7 

et al., 2012). Whilst ultimately it may be possible to adapt mass spectral and NMR 8 

imaging approaches for use in flux profiling this currently seems some way off.  9 

 10 

STEADY-STATE VERSUS DYNAMIC LABELLING 11 

 12 

Whilst a growing number of attempts to use computational approaches such as flux 13 

balancing in plants and photosynthetic bacteria (Boyle & Morgan, 2011, Dal'Molin 14 

et al.,  2011, Grafahrend-Belau et al., 2009, Hay & Schwender, 2011, Knopp et al., 15 

2010, Mintz-Oron et al., 2012, Pilalis et al., 2011, Poolman et al., 2009) have been 16 

made, utilizing similar methods to those which have proven highly successful for 17 

microbes (Bonarius, Schmid & Tramper, 1997, Borodina & Nielsen, 2005, Converti 18 

& Perego, 2002, Reed & Palsson, 2003), the majority of flux studies in plants 19 

depend on labelling. This fact notwithstanding such methods have clear utility and 20 

are convincingly argued as being complementary to one another (Schwender, 21 

2011, Sweetlove & Ratcliffe, 2011), a postulate that is supported by the fact that 22 

experimental labelling data from models of the cellular metabolism of Arabidopsis 23 

closely fit fluxes previously determined by the flux balance approach (Williams et 24 

al., 2010). It is not our intention in this article to review such methods in detail here 25 

since they have recently been comprehensively covered (Converti & Perego, 2002, 26 

Sweetlove & Ratcliffe, 2011) but rather to focus on isotope based methodologies 27 

for flux determination. Such approaches all follow one of two styles namely steady-28 

state or dynamic labelling (see Table 1 for a comparison between the two). The 29 

latter relies on the kinetically-resolved measurement of the flow of label through a 30 

network whilst the former aims rather to characterize the steady-state reached 31 

upon continuous supply of a labelled precursor.  32 

 33 

Steady-state labelling 34 A
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The principles of steady-state labelling have been established for many years 1 

(Borowitz, Stein & Blum, 1977, Katz & Rognstad, 1966) and this approach has 2 

been used extensively in microbial (Fischer & Sauer, 2003, Moxley et al., 2009, 3 

Schmidt, Nielsen & Villadsen, 1999, Vallino & Stephanopoulos, 1993, van Rijsewijk 4 

et al., 2011), mammalian (Brodie et al., 1966, Brunengraber, Kelleher & 5 

DesRosiers, 1997, Malloy, Sherry & Jeffrey, 1988, Matthews et al., 1980) and 6 

lately plant systems (Alonso et al., 2007, Dieuaide-Noubhani et al., 1995, Iyer et 7 

al., 2008, Rontein et al., 2002, Schwender et al., 2004, Spielbauer et al., 2006, 8 

Sriram et al., 2004, Williams et al., 2008). The more widespread adoption of this 9 

method in plants has been facilitated by the considerable advances in analytical 10 

methodology (discussed in detail below) as well as in approaches in computation 11 

which render flux estimates more accessible (Wiechert et al.,2001, Zamboni, 12 

Fischer & Sauer, 2005). It is important to note that steady-state labelling is crucially 13 

only applicable if the system under study can be demonstrated to reach both 14 

isotopic and metabolic steady states during the experiment (Roscher et al., 2000, 15 

Wiechert & Nöh, 2005). One cannot merely assume that this is the case however; 16 

the attainment of steady-states must be empirically determined. In plants whilst 17 

central metabolites generally reach steady state in the range of minutes to hours 18 

(Dieuaide-Noubhani et al., 1995, Ettenhuber et al., 2005, Roessner-Tunali et al., 19 

2004, Schwender et al., 2004, Sriram et al., 2004, Williams et al., 2010), polymeric 20 

storage molecules, structural components and many secondary metabolites often 21 

take considerably longer to achieve this (Kruger, Ratcliffe & Roscher, 2003, 22 

Matsuda et al., 2005, Rontein et al., 2002, Roscher et al., 2000). Problems can 23 

also arise with specific experimental tissues when using the steady-state approach. 24 

Although the majority of central metabolites apparently reach isotopic steady state 25 

after 5h in excised potato tuber discs (Roessner-Tunali et al., 2004) the onset of 26 

the wounding response in these discs already occurs after 2h (Kahl, 1974). This 27 

represents a good example of a physiological condition rendering the steady-state 28 

labelling approach inappropriate. Such features of metabolism can prove restrictive 29 

for steady-state modeling, however, it is nevertheless the best suited approach for 30 

the analysis of complex networks (Ratcliffe & Shachar-Hill, 2006). The reason for 31 

this is the fact that it depends on the assignment of the observed labelling of a 32 

metabolite to competing fluxes from sources with different positional enrichments. 33 

When applicable, steady-state analysis is better equipped to cope with reversible 34 
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steps, cyclic fluxes and the additional complexities provided by the extensive sub-1 

compartmentation of the plant cell (Krueger et al., 2011) and discussed in detail 2 

below). However, this is only true for heterotrophic systems since the assimilation 3 

of labelled carbon dioxide leads to an uninformative steady state in which all 4 

metabolites are uniformly labelled (Ratcliffe & Shachar-Hill, 2006, Roscher et al., 5 

2000). Despite this drawback the steady-state approach has proven highly useful 6 

in plants; particularly in studies with seeds (Allen, Ohlrogge & Shachar-Hill, 2009, 7 

Alonso, Val & Shachar-Hill, 2011, Schwender et al., 2004, Schwender, Ohlrogge & 8 

Shachar-Hill, 2003, Sriram et al., 2004), cell suspension cultures (Kruger et al., 9 

2007, Rontein et al., 2002, Williams et al., 2010) and also in excised maize root 10 

tips (Dieuaide-Noubhani et al., 1995). Given that we have chosen to focus this 11 

review largely on dynamic labelling approaches we will not extensively review the 12 

outcomes of these studies here but rather highlight a few illustrative examples. 13 

Early applications of this approach in plant systems determined exact solutions for 14 

a set of steady-state equations using experimentally determined positional 15 

fractional enrichment data as inputs (Dieuaide-Noubhani et al., 1995, Edwards et 16 

al., 1988, Fernie et al., 2001, Rontein et al., 2002, Roscher et al., 2000). Whilst 17 

relatively simple to carry out, such approaches suffer from the drawback that they 18 

have no inbuilt manner of testing the validity of the resultant flux maps. One way 19 

around this is to test the map by measuring the positional enrichments obtained 20 

from differentially labelled precursors for example [1-13C]- and [2-13C]-glucoses 21 

(Ratcliffe & Shachar-Hill, 2006). Another approach drawing on extensive work 22 

carried out in microbial flux analysis (Ruehl et al., 2012, Schmidt et al., 1999, 23 

Wiechert, 2001, Wiechert et al., 2001) is to adopt full isotopomeric (cumomer) 24 

analysis by which the system is over-determined thus facilitating statistical 25 

assessment of the quality of fit and determination of a confidence range for each 26 

fitted parameter. Whilst discussed earlier by plant scientists (see for example 27 

Kruger et al., 2003) the cunomer approach in plants was first adopted by  28 

Schwender et al. (2006),) and subsequently by several other plant research groups 29 

(Alonso et al., 2007, Williams et al., 2010; Masakapalli et al. 2010). This approach 30 

has proven instrumental in recent evaluations of, amongst other things, light and 31 

energy efficiencies in plant cells (for a review see Chen & Shachar-Hill, 2012) and 32 

in the comparison of flux estimates from metabolic flux analysis and flux balance 33 

analysis (Williams et al., 2010). Of particular note here is the work of Schwender et 34 
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al. (2006) which, at least to our knowledge, was the first approach to employ 1 

Wiecherts approach and the cunomer framework. It additionally applies a test of 2 

goodness of fit and discusses the robustness of the modelling outcome to the 3 

removal of measurement data, to differently 13C labelled substrates and to changes 4 

in the topology of the reaction network. A further important recent advance in 5 

computational efficiency is the Elementary Metabolite Unit (EMU) approach which 6 

writes balances only on the carbon fragments for which experimental information is 7 

obtained, rather than the full set of isotopomers. This is results in a significant 8 

computational reduction in calculating fluxes, which is especially important in 9 

computations used to estimate fluxes in large networks (Antoniewicz, Kelleher & 10 

Stephanopoulos, 2007).  11 

 12 

Dynamic labelling 13 

 14 

The alternate approach to steady-state labelling is the dynamic labelling approach 15 

wherein the concentration and labelling status of various metabolite pools are 16 

monitored at multiple time points either following a pulse of label or during a time-17 

course of continuous labelling (Ratcliffe & Shachar-Hill, 2006, Roscher et al., 18 

2000). An advantage of the pulse labelling approach is that since the specific 19 

activities of the partially labelled isotopomers initially increase before declining 20 

further constraints are provided for fitting procedures. McNeil et al. (2000) took 21 

advantage of this feature in the quantitative analysis of the pathways of choline 22 

biosynthesis in tobacco using 33P-labelled precursors and were able to reveal that 23 

phospho-base methylation is the main route of choline biosynthesis in this species. 24 

Whilst not suffering the restrictions steady state analysis does, with respect to 25 

tissue types and the requirement that pool sizes do not vary during the experiment, 26 

dynamic labelling is best suited for small-scale networks with analysis being 27 

progressively more difficult as the label moves further away from its point of entry 28 

into the metabolic network (Ratcliffe & Shachar-Hill, 2006). Thus dynamic labelling 29 

is highly suited to analysis of peripheral areas of metabolism such as secondary 30 

metabolism (Boatright et al.,2004, Colon et al., 2010, Dal Cin et al., 2011, Heinzle 31 

et al., 2010, Matsuda et al., 2003) but perhaps less so to central metabolic 32 

pathways for which it can prove very difficult to analyse absolute fluxes (Baxter et 33 

al.,2007). In this section we will merely outline the use of dynamic labelling in non-34 
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plant systems with its use in plants being detailed later. The dynamic profiling 1 

approach has its roots in non-photosynthetic microbial research where it has been 2 

used extensively to characterise fluxes within primary metabolism (Hiller, Metallo & 3 

Stephanopolous, 2011; Zamboni, 2011; Rühl, Zamboni & Sauer, 2010; Schaub, 4 

Mauch & Reuss, 2008; Selivandro et al., 2006). Whilst traditionally this was used 5 

for the analysis of relatively simple systems recent years have witnessed its 6 

extension to more complex systems by the development of non-stationary 7 

(alternatively named instationary) metabolic flux analysis and the kinetic flux 8 

profiling approach (Noeh, et al., 2007, Noeh & Wiechert, 2006, Yuan, Bennett & 9 

Rabinowitz, 2008).  10 

This approach has additionally recently been used to provide a comprehensive 11 

quantitative analysis of carbohydrate oxidation in Penecillium chrysogenum (Zhao, 12 

et al.,, 2008). Whilst such approaches are more demanding in computational time 13 

they are more informative than the stationary approach. An extension of the EMU 14 

approach was recently formulation for the instationary metabolic flux analysis 15 

(Young, et al., 2008). It was successfully applied to the analysis of primary 16 

photosynthetic metabolism in cyanobacteria (Young et al., 2011; described in the 17 

next section).   18 
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EARLY APPLICATIONS OF DYNAMIC LABELLING IN THE GREEN 1 

LINEAGE 2 

 3 

As seen above for microbial flux analysis, applications of dynamic labelling in the 4 

green lineage can also be split into simple pathway based analysis and more 5 

complex network based analysis. We will review the former in passing only and 6 

concentrate on the latter here. The use of dynamic labelling in pathway based 7 

analysis has already been alluded to above. A plethora of examples exist by which 8 

dynamic labelling has been used in order to gain quantitative information 9 

concerning flux distributions through various plant pathways including C1 10 

metabolism, monoterpenoids, monlignols and phenylpropanoid derivatives 11 

(Boatright et al., 2004, Colon et al., 2010, Hatzfeld & Stitt, 1990 , Matsuda et al., 12 

2003, McNeil et al., 2000, Rios-Estepa & Lange, 2007, Rios-Estepa et al., 2010, 13 

Rios-Estepa et al., 2008(Dal Cin et al., 2011, Lee & Voit, 2010, Maeda et al., 14 

2010))as well as to computationally model photosynthesis (Zhu, de Sturler & Long, 15 

2007). Importantly, not only is dynamic metabolic flux analysis necessary for plant 16 

tissues, in which physiologically relevant steady-states are not easy to achieve, but 17 

it also offers the advantage of being able to yield models which can predict the 18 

effects of genetic or environmental perturbation (Allen et al., 2009, Morgan & 19 

Rhodes, 2002, Poolman, Assmus & Fell, 2004, Rohwer & Botha, 2001). As such it 20 

is likely to develop into a highly important tool for the metabolic engineering of 21 

useful natural products. That said early studies demonstrated that it is by no means 22 

trivial to apply such methods in order to define absolute fluxes in central 23 

metabolism (Baxter et al., 2007, Roessner-Tunali et al., 2004). It is perhaps telling 24 

to note that in both of these studies heterotrophic systems were analysed - 25 

heterotrophic Arabidopsis cell suspension cultures and excised potato tuber discs, 26 

respectively.  27 

 28 

Two studies in autotrophic systems have recently demonstrated that this approach 29 

can indeed have considerable utility in the analysis of primary carbon assimilation 30 

and the subsequent central metabolism of the photoassimilate. The first of these 31 

reconstructed comprehensive flux maps of photoautotrophic metabolism by 32 

computational analysis of dynamic isotope labeling measurements and applied 33 

these to determine metabolic pathway fluxes in the cyanobacterium Synechocystis 34 
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sp. PCC6803. The approach taken was to rapidly sample the cells in response to a 1 

step change in the ratio of 13C to 12C CO2.The isotopic distribution of label within 2 

central metabolic precursors was analyzed by a combination of LC/MS/MS and 3 

GC/MS techniques (Shastri & Morgan, 2007). Intriguingly, comparison to a 4 

theoretically predicted flux map revealed inefficiencies in photosynthesis due to 5 

considerable flux through the oxidative pentose phosphate pathway and malic 6 

enzyme, despite this species being characterized by negligible photorespiration  7 

(Young et al., 2011). The authors additionally noted that the distribution of labeling 8 

displayed patterns consistent with metabolite channeling – the process by which 9 

metabolites are transferred directly between enzymes without transfer through the 10 

bulk phase. Similar patterns have previously been described in the seed plant 11 

tobacco (Hasunuma et al., 2009). Whilst this is reasonable circumstantial evidence 12 

for channeling, more convincing experiments are provided by so called dilution 13 

experiments in which the specific activities of precursor and product of a pathway 14 

are contrasted in the presence and absence of added unlabeled intermediates of 15 

the pathway (Moller and Cohn, 1980;  Graham et al., 2007) That said compelling 16 

arguments have recently also been put forward suggesting data from steady-state 17 

metabolic flux analysis can reveal metabolite channeling (Williams et al., 2010). 18 

The work of Young and co-workers therefore clearly illustrates the clear potential of 19 

the approach to fill gaps in our understanding of metabolic carbon and energy 20 

flows in cyanobacteria and likely amenable to unicellular algae, if 21 

compartmentation of the key metabolic intermediates can be resolved.  22 

 23 

The second study focused on resolving intracellular fluxes in intact Arabidopsis 24 

rosettes, based on time-dependent labeling patterns in the metabolome. Plants 25 

photosynthesizing under limiting irradiance and ambient CO2 in a custom built 26 

chamber were transferred into a 13CO2 enriched environment. The isotope labeling 27 

patterns of 40 metabolites were subsequently obtained using liquid- or gas 28 

chromatography coupled to mass spectrometry. Labeling kinetics revealed striking 29 

differences between metabolites. Whilst these generally matched qualitative 30 

expectations from pathway topology and stoichiometry, they revealed some 31 

unexpected features that point to complexity of subcellular and cellular 32 

compartmentation. To achieve quantitative insights, the dataset was used for in 33 

silico modeling in the framework of kinetic flux profiling (Szecowka et al., 2013). 34 
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The obtained flux estimates were benchmarked to four classically determined 1 

fluxes signatures of photosynthesis and the model was able to assess the 2 

robustness of the estimates with respect to different features of the underlying 3 

metabolic model and the time-resolved dataset. As for the studies mentioned 4 

above some unusual labeling patterns were observed that hinted at multiple 5 

spatially resolved pools of certain metabolites. When taken together these results 6 

present a convincing argument for the key importance of enhancing subcellular 7 

resolution in flux analysis (Sweetlove and Fernie, 2013). 8 

 9 

KINETIC MODELING OF PLANT SECONDARY METABOLISM 10 

 11 

Kinetic (also called mechanistic or dynamic) models are able to quantitatively 12 

represent metabolism based on formulation that includes information regarding the 13 

stoichiometry, kinetics, and regulation of sets of metabolic reactions. They are 14 

different from the previously described metabolic flux analysis in that the fluxes and 15 

pool sizes are no longer constrained to be at a steady-state. Most critically, they 16 

differ from stoichiometric models in their ability to be predictive of dynamic events. 17 

Wiechert and Novak (2011) have written a useful recent review of the steps of 18 

formulating and validating a kinetic model. An excellent illustration of the approach 19 

is a detailed kinetic model that described the hierarchical regulation of central 20 

metabolism in E. coli (Kotte, Zaugg & Heinemann, 2010). Secondary metabolism in 21 

plants whilst being amazingly diverse can still be organized into families of 22 

structurally related compounds (D´Auria & Gershenzon, 2005). Such classification 23 

facilitates the grouping of pathways and even their in order to render their modeling 24 

more tractable. This core structure forms the logical basis of organization of models 25 

of fluxes as well as kinetic models (Morgan & Shanks, 2002). Next we present 26 

selected examples from the recent literature focused on kinetic models of 27 

secondary metabolism.  28 

 29 

In kinetic model formulation, there are two basic approaches, which can be 30 

classified as top-down or bottom-up approaches. In a bottom-up approach one 31 

builds the model on as many individual reactions with in vitro determined 32 

parameters as feasible and utilizes the correct enzyme mechanism if possible. This 33 

can represent an enormous amount of work for a pathway of more than a few 34 
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enzymes, especially poorly studied pathways. However, in some cases, the 1 

remaining unknown parameters can be obtained by optimization (Knoke et al., 2 

2009). In a series of two papers, a seminal work used such a bottom-up approach 3 

to model monoterpene formation in peppermint leaves (Rios-Estepa et al., 2010, 4 

Rios-Estepa et al., 2008). The bottom-up approach was able to take advantage of 5 

significant enzymatic and regulatory knowledge concerning this well-studied 6 

pathway (Croteau et al., 2005). In the original model, the presence of inhibition 7 

kinetics was found to be a key aspect to fit the experimental data. This newly 8 

discovered inhibition was verified subsequently by further in vitro and in vivo 9 

measurements. Importantly, the model also included developmental profiles of 10 

enzyme activity as well as trichome gland expansion. The biochemical profile of the 11 

monoterpenes was found to be highly correlated with the gene expression of key 12 

enzymes. However, the expression of these enzymes had low correlation to the 13 

overall yield, which was found to be governed by the density of trichomes on 14 

leaves.  15 

 16 

In contrast to the bottom-up approach, a simpler method to model is to use a top 17 

down approach. The advantage of such an approach is one is not reliant on the 18 

tenuous assumption that in vitro kinetic parameters apply to in vivo conditions. A 19 

particularly illustrative example is the kinetic model developed for benzenoid 20 

metabolism in Petunia (Colon et al., 2010). Previous to this work little was known 21 

about the in vitro kinetics of many of the constituent enzymes of this pathway. 22 

Therefore, several reactions in the pathway were lumped. The pathway was 23 

studied by feeding several different concentrations of isotopically labeled Phe, the 24 

precursor, to the pathway. This perturbation was followed by measuring the 25 

transient changes in intracellular concentrations of pathway intermediates and 26 

extracellular volatiles and the specific isotopic labeling percentage enabled the 27 

kinetic parameters for the pathway to be determined. The model was then 28 

validated by successfully making a prediction of the metabolic kinetics in a flower 29 

exhibiting lower expression of benzyl CoA:benzyl alcohol/phenylethanol 30 

benzoyltransferase. 31 

 32 

In both the bottom-up or top-down kinetic models, the distribution of flux control 33 

can be determined for the pathway (Morgan & Rhodes, 2002). This analysis is 34 
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actually more significant than simply having a model that fits the data as control 1 

coefficients tell one where the control within the pathway resides and how much 2 

increase or decrease in the expression of certain enzymes is required to 3 

significantly alter fluxes. A vital consideration to keep in mind is that the flux control 4 

coefficients are local properties of the pathway and hence are specific to a given 5 

set of environmental conditions. Under different conditions the distribution of 6 

control coefficients can shift. In other words, generalizing that a given enzyme is 7 

rate limiting should not be done. 8 
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APPROACHES TO TACKLE THE COMPLEXITY OF COMPARTMENTATION 1 

 2 

Plants display extensive compartmentation at the tissue and subcellular levels 3 

(Figure 1). Even cells within a single tissue are differentiated with some 40 odd cell 4 

types present in a typical plant (Fernie, 2007). Thus techniques to selectively 5 

sample metabolites and pinpoint their concentrations in planta are extremely 6 

valuable. Knowledge of the subcellular metabolic compartmentation is one key 7 

challenge facing the development of predictive models of plant metabolism. 8 

Techniques have been developed that are based upon the knowledge of 9 

biosynthetic specificity of metabolic pathways. These have been successfully 10 

applied to quantify metabolic fluxes (Allen et al., 2007, Schwender et al., 2006; 11 

Sriram et al., 2004). In each of these studies the authors fed 13C labeled precursors 12 

and waited until an isotopic steady-state was achieved. In Allen et al. (2007), as in 13 

many previous studies carried out on a narrower range of compounds (Schwender 14 

et al., 2006), the labeling patterns of fatty acids, cell wall sugars, protein 15 

hydrolysates and starch were analyzed to ”retrobiosynthetically” estimate the flux 16 

contributions of plastid and cytosol specific pathways. In a recent paper on analysis 17 

of labeling patterns, the differences in labeling of amino acids obtained from 18 

digestion of the small and large subunits of RuBisCO were analyzed (Allen et al., 19 

2012). Significant differences in labeling of several amino acids pointed to non-20 

equilibrium pools in plastids compared to the cytosol. It should be noted, that these 21 

methods can be extended to other proteins or molecules derived from precursors 22 

specific to a subcellular compartment. Moreover, protein digests are more 23 

interconnected with many parts of central metabolism than sugars due to separate 24 

amino acid groups coming from distinct compartmental pathways.  However, the 25 

analysis of biomass derived molecules for flux analysis is restricted to reaching 26 

labeling at isotopic steady-state. 27 

 28 

 A second widely employed technique that preserves intracellular metabolite 29 

concentration is non-aqueous fractionation (Benkeblia, Shinano & Osaki, 2007, 30 

Farré et al., 2001, Gerhardt & Heldt, 1984, Stitt et al., 1989). This technique 31 

ruptures cell material after quenching which arrests metabolism, and the removal 32 

of water by lyophilization prevents polar metabolites from being able to diffuse – 33 

instead they remain assocaited with the insoluble macromolecules of the 34 
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subcellular compartments. The advantage is that both the enzymes and 1 

metabolites are retained compartmentally but the enzymes are inactive. The 2 

cellular material is then stratified by centrifugation in a non-aqueous density 3 

gradient.  Fractions are collected and the separation is quantified by extracting the 4 

enzymes and measuring the relative activity of the marker enzymes in each 5 

fraction and correlating them to the metabolite concentrations. This technique 6 

produces a continuous distribution of fractions rather than isolated organelles. 7 

From this information, the metabolic concentration profiles of each compartment 8 

can be deconvoluted and the resulting data employed for further analysis. A recent 9 

paper has demonstrated the power of the technique in analysis of Arabidopsis leaf 10 

metabolome (Krueger et al., 2011). This study was able to identify more than 2,000 11 

analytes by a combination of LC/MS and GC/MS. The assignment of compartment 12 

localization was both correlated to known marker enzyme activity distributions as 13 

well as by a marker free approach. Furthermore, after deconvolution the 14 

localization of a significant number of metabolites was still difficult to 15 

unambiguously assign. The importance of the computational deconvolution 16 

procedure has recently been published together with a method demonstrating the 17 

utility of principal components analysis to visualize the data (Klie et al., 2011). 18 

While non-aqueous fractionation is labor intensive, it is currently the most 19 

comprehensive technique of metabolite profiling that is also capable of capturing 20 

accurate quantitative metabolite distributions.  21 

 22 

CURRENT LIMITATIONS IN KINETIC MODELING OF PLANT METABOLISM 23 

It is our contention, that the key limitations for building kinetic models are in 24 

obtaining reliable quantitative metabolomics date at high spatial and temporal 25 

resolution. In other words, the mathematical modeling framework is in place and 26 

capable to support significant amounts of data. However, precise data amenable 27 

for quantitative modeling are far more difficult to obtain in plants for several 28 

reasons. One of the current hurdles is the ability to spatially resolve intracellular 29 

plant metabolism (see previous section) as well as at the whole plant level. 30 

Obviously many cell types exists in whole plants and they have differentiated into 31 

physically and likely metabolically distinct roles. The ability to routinely examine the 32 

entire metabolome of plant cells by a single analytical technique is far beyond our 33 

reach due to the enormous chemical diversity of molecules found in (Krueger et al., 34 
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2012). Even targeted analysis of specific pathways often requires multiple 1 

analytical techniques. While substantial progress on the analytical chemistry of 2 

metabolomics for single cells is being made, the ability to get reliable samples from 3 

single cells is a significant challenge (Heinemann & Zenobi, 2011, Svatoš, 2011). 4 

With application to plants, mass spectrometry imaging has been reported to be 5 

successful at the single cell level for several secondary metabolites of relatively 6 

high abundance (Hölscher et al., 2009). 7 

  8 

We should not overlook that we still do not know all the metabolites or pathways 9 

present in plants. An example of a technology that will be of prime use is the 10 

combined isotopic feeding studies with non-targeted MS studies. In a recent paper, 11 

Creek et al. use non-targeted LC-MS and 13C-glucose feeding to identify 12 

metabolites not previously known in Trypanosoma brucei (Creek et al., 2012). 13 

 14 

Another key challenge is the variance of enzyme expression and metabolite 15 

concentrations over time. There is a large variance in time scales in which 16 

metabolic processes change; from the very rapid sub second time scale in 17 

response to light and to biotic or abiotic stress which occur on the minutes to hours 18 

time scale, to metabolic changes governed by circadian rhythms which are on 19 

multiple hours time scales (Figure 2). These disparate time scales require 20 

experimental sampling at numerous discrete time points and further require distinct 21 

mathematical models that capture the relevant information. Studies are beginning 22 

to address this issue at least at the experimental level. One early study analyzed 23 

the dynamics of transcripts, proteins (using enzyme activities as a surrogate) and 24 

metabolites in Arabidopsis diurnal cycles revealed that transcript levels undergo 25 

marked and rapid changes during diurnal cycles and after transfer to darkness, 26 

whereas changes in activities are smaller and delayed (Gibon et al 2006). 27 

However, it is worth noting that the difficulties in integrating such datasets are well 28 

acknowledged (Fernie and Stitt, 2012). That said advances in non-invasive 29 

imaging techniques such as NMR (Kim et al., 2011) or fluorescence resonance 30 

energy transfer based metabolite sensors (Lalonde, Ehrhardt & Frommer, 2005) 31 

could play an important role to complement destructive, but highly informative, 32 

sampling techniques. 33 

 34 
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FUTURE PESPECTIVES FOR KINETIC MODELING OF PLANT METABOLISM 1 

From the previously mentioned key challenges, the ability of mathematical models 2 

to integrate disparate –omics data sets is key to systems biology. A promising 3 

approach that combines proteomic and metabolomic data with stoichiometric 4 

network models was recently published with human erythrocytes as a model 5 

metabolic system (Yizhak et al., 2010). In this approach, both proteomic and 6 

metabolic data is utilized to constrain a stoichiometric metabolic model and 7 

produces better fits of fluxes than other flux balance techniques.  8 

 9 

Secondly, as highlighted earlier, non-aqueous fractionation is an important 10 

analytical technique. The combination of the technique with isotopically labeled 11 

metabolites offers great promise for determining metabolic fluxes as illustrated in 12 

the work described above aimed at characterizing photosynthetic fluxes in the 13 

Arabidopsis rosette (Szecowka et al., 2012). However, further standardization of 14 

the technique by characterizing the particle sizes of the homogenized tissue as 15 

well as examining how different plant tissues separate will be required to fully 16 

optimize this method. Particularly encouraged will be detailed protocols, e.g. how 17 

gradients are formed, how fractions are collected, influence of temperature and 18 

humidity, to allow robust results from within a laboratory as well as validation by 19 

other laboratories. This is similar in vein to the technology and standards 20 

developed for electrophoresis of proteins. 21 

Several key challenges and avenues for future research are modeling diurnal 22 

rhythms and developmental modeling. As compared to studies in cell or protoplast 23 

cultures, whole plants go through a lengthy complicated developmental process. 24 

The application of both kinetic models as well as dynamic metabolic flux analysis 25 

(Leighty & Antoniewicz, 2011) are promising areas for exploration to capture such 26 

interesting and relevant physiological phenomena. The combination of 27 

mathematical models iteratively with increasing –omic and specific biochemical 28 

characterization will progress rapidly in the coming years. Certainly there is the 29 

continued need for interdisciplinary efforts between experimentalists, statisticians 30 

and mathematical modelers to make the most significant progress. A key outcome 31 

of having detailed kinetic models is the predictive ability to engineer plants to 32 

accumulate desired compounds or lower the flux towards undesired compounds.  33 A
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We hope this review goes some way to convincing the reader that this goal should 1 

be achievable in the near future. 2 

 3 
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FIGURE LEGENDS 1 

 2 

Figure 1. An illustration of the several layers of metabolic compartmentation in 3 

space and time. There are numerous tissues (e.g. roots, flowers and shoots) which 4 

perform vastly different metabolic functions. Even a single organ is comprised of 5 

many cell types (not pictured). Inside of an individual plant cell there is 6 

compartmentation of metabolism. The plastid is shaded in green, the mitochondria 7 

in red, the vacuole in blue and the peroxisome in light yellow. Over time plants 8 

proceed through a developmental program. Moreover diurnal cycles have a strong 9 

influence on metabolic pathways.  10 

 11 

Figure 2. The different time scales of metabolic regulation. The characteristic time 12 

is essentially the time over which significant changes in which the concentrations of 13 

species change. The blue arrow is translational regulation. The dotted arrows 14 

represent regulation at the transcriptional and post-translational levels, including 15 

allosteric regulation of enzymes and hence fluxes and metabolite concentrations by 16 

metabolites that are not the direct substrate or product of an enzyme. 17 
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 1 

APPROACH FOR FLUX DETERMINATION* 

STATIONARY FLUX ANALYSIS INSTATIONARY FLUX ANALYSIS 

a.k.a.: steady-state flux analysis a.k.a.: dynamic flux analysis, kinetic flux 

analysis 

METHOD SOFTWARE METHOD SOFTWARE 

Stationary flux 

analysis 

 

Elementary 

metabolite units 

(EMU) 

 

13
C Flux; FIAT; 

OpenFlux 

 

 

Not publically 

available 

 

Elementary 

metabolite units 

(EMU) 

 

Kinetic Flux 

Profiling (KFP) 

Not publically 

available 

 

 

Not publically 

available 

SCOPE SCOPE 

applicable for estimation of fluxes at 

branchpoints 

very high resolution of fluxes 

isotopic steady-state not a prerequisite 

 2 

Table 1. Comparison of stationary and instationary flux profiling approaches including 3 

synonyms, methodologies, software availability and scope.* note all approaches in the 4 

Table require that the system under study is at metabolic steady state 5 
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