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ABSTRACT

The primary objective of this thesis is to develop a framework for mathematical 

modelling of biochemical reactions in Streptomyces bacteria grown in batch 

fermentations. Secondly, the thesis investigates and applies mathematical methods in the 

modelling of biochemical pathways of different complexity and relation. The models 

enhance the understanding of the biochemical system in question and have the ability to 

predict certain systemic events; thus illustrating the power of mathematics applied to 

complex biochemical reaction systems.

The thesis investigates two metabolic systems, the primary metabolism in Streptomyces

lividans and a genetically engineered pathway for the production of biodegradable

plastics in plants. Mathematical modelling of the primary metabolic network illustrates

the application of linear algebra to large biochemical systems, providing a flexible and

powerful analytical tool. A cybernetic model, a special form of structured models, was

also developed to illustrate the dynamics of glucose uptake in Streptomyces lividans.

The genetically engineered pathway has non-linear properties related to the kinetics of

the various enzymes in the pathway. The mathematical complexity of this problem
orr&wyxxu

requires an alternative approach where ■partiar  differential equations are central to 

solving the problem. Powerful algorithms are used to execute the model and to generate 

predictive data.

A mathematical framework for the analysis and modelling of biochemical fluxes in the 

primary metabolic pathways of Streptomyces lividans is presented. The model aided in 

the identification of strain specific parameters and enhanced the understanding of 

metabolic mechanisms such as organic acids secretion, providing insight into its causes 

and conditions.

The cybernetic model is designed to mimic a proposed metabolic mechanism. The 

kinetic model of the genetically engineered pathway provided the answers to whether 

quality plastic could be produced efficiently in plants.
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Mathematical M odelling of Biochemical Pathways Introduction

1. INTRODUCTION

Over the past two decades scientists all over the world have been excited and 

preoccupied with the idea o f genetic information and genetic manipulations. The 

databases mapping the human genome and several bacterial and lower eukaryotic 

genomes are getting increasing every day. Mathematical methods are increasingly being 

used to sort the genetic data and to compare gene sequences from different species. 

Statistical analysis is becoming essential for classification and hereditary studies. From 

this flood of genetic information, there is however, still much work to be done, 

identifying the function of many genes. They all code for some enzyme or effector 

molecule, which play a part in the intricate network o f biochemical reactions within a 

living cell.

In the field of metabolic engineering, the genetic information is used to re-design 

metabolic networks, introducing new and re-engineering existing biochemical pathways. 

This may seem straightforward when the functions of the genes are more or less known. 

However, redesigning metabolism requires more than the functional knowledge of 

genes. The gene products, frequently enzymes, make up metabolic reaction systems. In 

order to produce successful metabolic designs, the interplay and relationships between 

these enzymes in metabolic networks must be understood. This is where mathematical 

modelling is a very powerful tool.

Mathematical modelling of biochemical pathways is central to the science of metabolic 

engineering. Models are used to analyse existing networks, to enhance the 

understanding of the original design and to predict the outcome of changes or additions 

to existing metabolism. Genetic engineering is frequently used to implement new 

designs. However, sometimes simply changing the environmental conditions will 

produce the desired change in metabolism.

Nature has always been selecting optimum new metabolic solutions. So, what is new? 

The knowledge and the analytical power needed to speed up and direct evolution is 

becoming available. These tools will enable the optimisation of commercial processes 

as well as help to identify ways of healing metabolic disorders via gene therapy.

E.B. Daae, 1999 PhD Thesis Page 12



M uincrriuitLiu m u u eu ir ig  uj D iucrierniLui r u in w u y s introduction

Much work remains to be done. Many more genomes need to be sequenced, and the 

functions of these genes need to be identified. Metabolic engineering is still a very new 

science and the development of mathematical tools to aid this science has only just 

begun. Without mathematical models of biochemical pathways, there is no science of 

metabolic engineering. A genetic manipulation carried out on intuition and chance is 

simply genetic engineering.

This thesis is set out to develop a framework for mathematical modelling of biochemical 

reactions in two different systems of particular interest. The first system is the primary 

metabolism of Streptomyces lividans and the second system is a genetically engineered 

pathway producing biodegradable plastics in plant plastids.

E.B. Daae, 1999 PhD Thesis Page 13



Mathematical Modelling of Biochemical Pathways streptom ycetes

2. PRIMARY METABOLISM OF STREPTOMYCETES

This chapter gives an overview of Streptomyces lividans primary metabolism focusing 

in particular on carbon, nitrogen and energy metabolism.

2.1 SUMMARY

Many Streptomycetes are commonly used in industrial production of antibiotics. As 

novel antibiotics are developed and the demand for process efficiency is increasing, 

there is also a growing appreciation of the need to understand primary metabolism of 

these bacteria as a means of predicting and enhancing secondary metabolism.

Carbon catabolite repression is a common phenomenon in Streptomyces bacteria, 

centring on glucose uptake as the main controlling factor of carbon assimilation. The 

glycolysis, TCA cycle and pentose phosphate pathway are all present and active in most 

Streptomycetes. The Entner-Doudoroff pathway and the glyoxylate bypass are probably 

inactive or absent in S. lividans. These bacteria are further prone to excess organic acid 

production, and acid secretion often results in growth stagnation due to a lowered pH. 

Rapid glucose assimilation is commonly believed to be the cause of acid secretion. 

However, there is also evidence for another theory where acid secretion is though to be 

influenced by the nitrogen source present.

The growth of Streptomyces bacteria and product formation is sensitive to the carbon 

and nitrogen sources as well as physiological conditions. These factors are discussed in 

addition to the phosphorus, sulphur, salt, mineral and metals influence.

2.2 THE STREPTOMYCES BACTERIA

Streptomyces bacteria are Gram-positive and belong to the larger family of 

actinomycetes. They grow in a filamentous form and have their natural habitat in soils. 

They degrade a variety of organic materials, excrete substantial quantities of extra

cellular enzymes and are natural producers of a wide range of antibiotics (Gilbert et

E.B. Daae, 1999 PhD Thesis Page 14



Mathematical M odelling of Biochemical Pathways Streptomycetes

al., 1995). The Streptomyces family is numerous and a number of strains are used in 

industrial production of pharmaceuticals.

The desired products from most Streptomyces strains are antibiotics or other secondary 

metabolites. For this reason, most of the work on metabolic regulation in this family o f  

bacteria, has been concentrated on secondary metabolism. Production of secondary 

metabolites is not directly associated with growth and, hence, the area of primary 

metabolism in this family of bacteria has been somewhat neglected. In spite of the 

interesting biology and commercial importance o f the Streptomyces bacteria, relatively 

little is known about primary metabolism regulation or how products derived from 

primary metabolism contribute to secondary metabolic processes such as morphological 

development and antibiotic production.

The concept o f novel antibiotics (or polyketides) was introduced only a few years ago 

(Leadlay, 1994). These antibiotics are engineered molecules made using genetically 

modified Streptomyces polyketide synthase enzymes. This new invention in the field of 

antibiotics has rekindled the interest in Streptomyces bacteria, and there is now a 

growing understanding of the need to understand the primary metabolism in order to 

better enhance and predict secondary metabolism.

Primary metabolism is by definition linked to growth, and certain natural requirements 

for growth are common to all bacterial species. These include requirements for energy, 

carbon, oxygen, nitrogen, hydrogen, phosphorus, sulphur and a number of metals. For 

the bacteria to grow and thrive these components must all be present in adequate 

proportions in compounds that can be assimilated.

2.3 CARBON AND ENERGY METABOLISM

Nearly all Streptomyces bacteria are chemoheterothrophs. As such, they depend on the 

oxidation o f organic molecules for both energy and carbon for the production of cellular 

components. As mentioned above, Streptomyces bacteria grow well on a range of 

organic sources. Herrell (1969) identified 22 organic carbon sources suitable for the 

cultivation o f  S. lincolnensis. These included simple sugars, oligo- and polysaccharides, 

polyalcohols and sodium salts of organic acids. The most common carbon and energy

E.B. Daae, 1999 PhD Thesis Page 15



Mathematical M odelling o f  Biochemical Pathways Streptomycetes

substrates used in industrial fermentations are starch, oils, and various types of simple 

sugars.

2.3.1 Carbon Uptake and Catabolite Repression

When Streptomyces bacteria are presented with a mixture of carbon sources, they often 

utilise a “preferred” carbon source before assimilating any of the other carbon sources 

available (Surowitz and Pfister, 1985a,b; Hodgson, 1982). This kind of behaviour, 

where one carbon source is utilised preferentially and represses the uptake of other 

carbon sources, is commonly described as 'catabolite repression'. Since catabolite 

repression has been demonstrated in many bacteria growing in distinct ecological 

niches, the phenomenon must confer a significant survival value.

In Streptomyces bacteria glucose is commonly the fastest metabolised carbon and its 

presence causes catabolite repression of a number o f other carbon sources. Surowitz and 

Pfister (1985a) investigated sugar metabolism in defined media cultures of S. alboniger. 

It was demonstrated that glucose functioned as the preferred carbon source, inhibiting 

the uptake and oxidation of sucrose and mannose within 15 minutes of its addition. 

Similar observations were made by Hodgson. (1982) while studying the effects of 

glucose on the uptake of arabinose, glycerol, galactose, and fructose in Streptomyces 

coelicolor A3 (2) grown in liquid minimal medium.

The utilisation of glucose does not appear to require any induction of the relevant 

enzymes, whereas the assimilation of glucose repressible carbon sources do. In cultures 

of S. alboniger precultivated in glucose, the uptake of mannose and sucrose were 

demonstrated to have an induction time of about 1 hr. In contrast, the utilisation of 

glucose after exposure to mannose and sucrose was constitutive (Surowitz and Pfister, 

1985a). Similar observations were made by Hodgson (1982) for the uptake of arabinose, 

glycerol, galactose, and fructose in cultures of S. coelicolor.

Glucose catabolite repression is usually associated with the uptake of other carbon unit 

monomers, whereas, the uptake of for example polysaccharides in some Streptomyces 

bacteria seem to be quite unaffected. Chatterjee and Vining (1981) investigated the
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Mathematical Modelling o f Biochemical Pathways Streptomycetes

uptake of maltose and other a-glucosides via the enzyme a-glucosidase in S. 

venezuelae. Maltose, a polysaccharide, supports rapid growth in S. venezuelae. a -  

Glucosidase was observed to be induced by all its substrates. However, glucose did not 

appear to have any regulatory effect on the enzyme.

During the study carried out by Chatteijee and Vining (1981), another interesting 

observation was made. Maltotriose, dextrin and starch seemed to have an especially 

strong induction effect on the a-glucosidase enzyme. This is unusual and has only been 

reported infrequently in other micro-organisms. S. venezuelae grows well on starch as 

the sole source of carbon. The inducing action of starch and dextrin is most likely due to 

oligosaccharide products formed during amylolytic hydrolysis.

2.3.2 Regulation of Carbon Catabolite Repression

In E. coli, glucose catabolite repression is activated via the phosphoenolpyruvate 

phosphotransferase system (PTS). The PTS provides a mechanism for sensing the 

availability of this preferred energy source and transmits a signal o f adenyl cyclase. 

When glucose is transported across the membrane by PTS, it is phosphorylated 

indirectly by phosphoenolpyruvate. Proteins from the PTS mediate the transfer of 

phosphate and, while doing so, are themselves only transiently phosphorylated. While 

unphosphorylated, the PTS deactivates adenylate cyclase and thereby reduces cAMP 

formation. With insufficient cAMP to interact with cAMP receptor protein at the 

promoter, catabolite repressible operons are not optimally expressed. Thus, the end 

result of glucose appearing in the cell's environment and being transported into the 

cytoplasm is to suppress transcription of genes coding for unnecessary gene products 

(Postma and Lengeler, 1985; Saier, 1985).

Surowitz and Pfister (1985b) found that glucose raised rather than lowered the cAMP 

levels in S. alboniger. This finding is clearly in contrast with observations in E. coli and 

several other related organisms. However, under repressive conditions in 

Saccharomyces cerevisiae, cAMP levels are not lowered but elevated 2-3 fold. Hence, 

there is a possibility that the Streptomyces bacteria repression system could somewhat 

resemble that of S. cerevisiae. In S. cerevisiae the increased cAMP levels cause
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inactivation of the assimilatory system by decreasing the specific activity of key 

enzymes in the catabolic pathway. S. cerevisiae also has a second mechanism 

controlling assimilation: this acts through repression rather than inactivation and is 

believed to involve hexokinase PH protein.

In Streptomyces bacteria a PTS involved in the uptake of fructose sugars has been 

identified. This was demonstrated for S. lividans, S. coelicolor and S. griseofuscus 

(Titgemeyer et al., 1995). Glucose is not transported via PTS in Streptomyces bacteria, 

and the transport of glucose is not sufficient to induce catabolite repression. In 

Streptomyces bacteria the glucose is first transported across the membrane and then 

immediately phosphorylated inside the cell by glucose kinase.

The mechanism of glucose repression in Streptomyces bacteria seems to be strongly 

associated with the soluble ATP-dependent glucose kinase which is synthesised 

constitutively in Streptomyces bacteria (Hodgson, 1982; Angell et al., 1994). However, 

studies carried out on Streptomyces coelicolor suggest that carbon catabolite repression 

is not regulated by the flux through glucose kinase, but rather by the protein itself. A 10- 

fold overproduction of glucose kinase resulted in the relief of catabolite repression, 

suggesting that excess glucose kinase can titrate the repression signal away (Kwakman 

eta l., 1994).

Several genes have been implemented in carbon catabolite repression in streptomycetes. 

The first is glkA-ORF3, coding for the soluble ATP-dependent glucose kinase. Another 

is ccrA l which affects the expression of several catabolite controlled promoters. These 

have both been investigated individually (Angell et al., 1994; Ingram et a l ,  1995) and in 

combination (Ingram and Westpheling, 1995), but an overall theory of the mechanisms 

involved in carbon catabolite repression has yet to emerge. The gylR  gene, controlling 

the glycerol metabolism has provided some evidence that the catabolite repression may 

not be controlled by a general “catabolite repressor protein “(Hindle and Smith, 1994).
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2.3.3 Glycolysis

The existence of the Embden-Meyerhof pathway was reported for S. coelicolor, S. 

antibioticus, S. scabies and S. reticuli in a study by Salas et al. (1984). Given this and 

the fact that the Embden-Meyerhof pathway is a very common pathway (representing 

the beginning of the glycolytic pathway), it is reasonable to assume that the pathway is 

present in S. lividans as well. A complete glycolytic pathway has later been indicated by 

the presence of phosphofructokinase and pyruvate kinase in S. alboniger (Surowitz and 

Pfister, 1985a) and Streptomyces C5 (Dekleva and Strohl, 1988a). In some actinomycete 

species, the enzyme phosphofructokinase in the glycolytic pathway is often PPi 

dependent. However, in a study by Alves et al. (1994) both S. coelicolor and S. griseus, 

had an ATP dependent phosphofructokinase. In a later study, Alves et al. (1997) also 

found that ATP dependent phosphofructokinase in S. coelicolor was allosterically 

inhibited by phosphoenolpyruvate and an important regulatory step in the glycolytic 

pathway.

2.3.4 Entner-Doudoroff pathway

Dekleva and Strohl (1988a) reported that the Entner-Doudoroff pathway was non

functional in the strains; S. lividans, Streptomyces C5 and S. aurofaciens. The absence 

of this pathway has also been reported in A. methanolica, another actinomycetes (Alves 

et al., 1994).

2.3.5 TCA Cycle

The existence of a complete TCA cycle in both S. lividans and Streptomyces C5 was 

proved in a study by Dekleva and Strohl (1988a), where they also found that citrate 

synthase, the gateway enzyme to the TCA cycle, had an especially high activity.

2.3.6 Pentose Phosphate Pathway

The presence of a full pentose phosphate pathway was reported for S. coelicolor, S. 

antibioticus, S. scabies and S. reticuli by Salas et al. (1984). The full presence of this
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pathway was also later confirmed by Dekleva and Strohl (1988a) in Streptomyces C5, S. 

aurofaciens and S. lividans. In most bacteria the glucose-6 -phosphate dehydrogenase 

and the 6 -phosphogluconate dehydrogenase enzymes in the pentose phosphate pathway 

are NADP+ dependent and, hence, every glucose-6 -phosphate entering the pentose 

phosphate pathway would generate two NADPH. In S. lividans and some other 

actinomycetes the glucose-6 -phosphate dehydrogenase is NADP+ dependent, but the 6 - 

phosphogluconate dehydrogenase has been found to be N A D + dependent (Dekleva and 

Strohl, 1988a; Alves et a l ,  1994). This means that only one NADPH is generated for 

every glucose-6 -phosphate entering the pentose phosphate pathway. Presuming that the 

biosynthetic demand for NADPH is similar to that o f other bacteria such as E. coli, this 

means that the pentose phosphate pathway probably needs to be either more active in S. 

lividans to meet the biosynthetic demand for NADPH, or that another major pathway 

generating NADPH exists. Cochrane and Peck (1953) reported that in S. reticuli and S. 

coelicolor the pentose phosphate pathway activity determined by radiorespirometry was 

the primary glucose catabolic route. Further, Salas et al. (1984) described a shift in the 

relative participation of the Embden-Meyerhof and pentose phosphate pathways during 

germination of S. antibioticus spores. During spore germination, the pentose phosphate 

pathway continued to increase its participation in glucose catabolism relative to the 

Embden-Meyerhof pathway, until it was the primary route during exponential growth. 

This evidence supports the assumption that NADPH needed for biosynthesis is mainly 

produced by the pentose phosphate pathway.

2.3.7 The Glyoxylate Bypass

In E. coli the glyoxylate bypass supplies the precursors needed for biosynthesis during 

growth on organic acids. The bypass is also believed to have a similar function in some 

Streptomyces bacteria (Coggins et al., 1995).

To sustain aerobic growth when acetate is the sole source of carbon and energy in E. 

coli, the glyoxylate bypass and the TCA cycle operate concurrently. Under theses 

circumstances, a junction is created at isocitrate where isocitrate lyase (ICL) and 

isocitrate dehydrogenase (ICDH) compete for their common substrate. Flux through ICL 

generates the biosynthetic precursors, while the larger part o f the flux through ICDH is 

dedicated to supply of reducing power and ATP (Holms, 1987).
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Streptomycetes strains like S. coelicolor, S. hygroscopicus, S. clavuligerus have been 

shown to have fully functional glyoxylate bypass enzymes (Coggins et al., 1995; Takebe 

et a l ,  1991; Chan and Sim, 1998). However, glyoxylate pathway enzyme activity was 

not detected in either Streptomyces C5, S. lividans or S. aurofaciens in a study by 

Dekleva and Strohl (1988a). The strains also grew very poorly on acetate. It was 

therefore concluded that the glyoxylate bypass pathway must have been absent.

Hunter et al. (1997), studying malate synthase, the second enzyme in the glyoxylate 

bypass, in S. arenae found that the enzyme had a significantly higher Km value for 

glyoxylate than commonly found in other bacterial species. It was further discovered 

that the enzyme was inactive at pH values below 7.0. In media with pH’s below this 

value, the strain was unable to grow on ethanol or acetate as the sole carbon source.

2.3.8 Anaplerotic Pathways

Phosphoenolpyruvate carboxylase (PEPC) is a very important anaplerotic enzyme in 

many bacteria (Vallino and Stephanopoulos, 1993; Marx et al., 1997). It is responsible 

for the conversion of phosphoenolpyruvate into oxaloacetate, ensuring a high enough 

concentration of oxaloacetate to drive the TCA cycle. In many bacteria, PEPC is the 

only anaplerotic enzyme functioning under active growth conditions.

PEPC has been identified as the main anaplerotic enzyme in both Streptomyces C5 and 

S. coelicolor (Dekleva and Strohl, 1988a,b; Bramwell et a l ,  1993; Coggins et a l ,  1995). 

It is therefore possible that this will be the main anaplerotic enzyme in S. lividans.

In an NMR study on S. parvulus by Inbar and Lapidot (1991) the main gluconeogenic 

step was identified as being a reaction converting oxaloacetate to phosphoenolpyruvate. 

The enzyme responsible for this conversion was probably not PEPC, as this enzyme is 

irreversible, but may be phosphoenolpyruvate carboxykinase. The stoichiometry of the 

phosphoenolpyruvate carboxykinase reaction is exactly the reverse that of PEPC and 

hence, is a likely candidate (Stryer, 1988). A similar metabolic link between the TCA 

cycle and the glycolytic pathway was also noted in another strain, S. cattleya, in a study 

by Hamilton et a l  (1998). They found that intermediates of a fluorometabolite were
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metabolised via oxaloacetate to an intermediate in the glycolytic pathway between 

phosphoenolpyruvate and dihydroxyacetone phosphate.

The activity of PEPC has been found to vary with different growth conditions in 

Streptomyces bacteria. It is especially interesting to note that these variations seem to 

coincide with various biosynthetic changes. PEPC activity has been known to increase 

during secondary metabolism (production of polyketides). Coggins et a l  (1995) found 

that PEPC specific activity increased approximately 2-fold during actinorhodin 

biosynthesis in S. coelicolor.

Bramwell et al. (1993) purified PEPC from S. coelicolor A3(2) and cloned the ppc  gene 

to give over-expression of the protein in S. lividans. The clone showed a 21-fold 

increase in PEPC enzyme activity during secondary metabolism. This high degree of 

PEPC expression was believed to be controlled by the promoter of the ppc  gene. In the 

natural strain of S. coelicolor, the increase in activity is approximately 2-fold. 

Nevertheless, there is no evidence that the resulting oxaloacetate is used in the 

secondary metabolism. The PEPC from the natural strain of S. coelicolor showed a high 

degree of homology with the PEPC enzymes in E. coli and Corynebacterium  

glutamicum.

2.3.9 Oxidative Phosphorylation

The oxidative phosphorylation chain is the main centre of energy generation in the cell. 

Oxidative phosphorylation is the process in which ATP is formed as electrons are 

transferred from NADH and FADH to molecular oxygen by a series of electron carriers. 

The P/O ratio is the number of molecules of inorganic phosphate, which are transferred 

into organic form per atom of oxygen consumed. This is a frequently used index for 

efficiency of the oxidative phosphorylation process and normally has a value between 3  

and 1. Eukaryotic mitochondria have a P/O ratio of about 3, whereas in prokaryotes the 

number is generally lower, typically around 2 .

For Streptomyces lividans it is therefore reasonable to assume a P/O ratio of 2. Hence, 

the number of ATP molecules produced per molecule of NADH was assumed to be 2. It
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may further be assumed that compared to NADH, FADH produce 2/3 the amount of 

ATP. The above assumptions are all typical for a number of bacteria (Bailey and Ollis, 

1986).

2.3.10 Organic Acid Production

The presence of organic acids in the culture media inhibits growth in Streptomyces 

cultures. However, Streptomyces bacteria excrete organic acids. Acid production occurs 

quite frequently in Streptomyces bacteria cultures, and is a problem commonly 

experienced for other bacterial strains. In E. coli and Bacillus cultures the acids secreted 

are generally acetic acid and pyruvic acid respectively, whereas in Streptomyces bacteria 

cultures the acids are generally pyruvic acid and a-ketoglutaric acid (Ahmed et al., 

1984; Surowitz and Pfister, 1985a; Dekleva and Strohl, 1987).

The amount of acids produced in Streptomyces bacteria vary with the carbon and 

nitrogen sources supplied, and each strain behaves differently. Glucose is a rapidly 

metabolised carbon source in Streptomyces bacteria, and the presence of this carbon 

source in the medium is strongly associated with acid production. Dekleva and Strohl 

(1987) found that cultures of S. peucetius acidified at high frequencies when glucose 

was the primary carbon source. This was observed regardless of whether the medium 

was of a defined or nutrient rich type. The culture only acidified at intermediate 

frequencies when fructose was the primary carbon source and not at all when it either 

maltose, starch or dextrin were used as the primary carbon source. Because the 

intracellular catabolism of maltose should be identical to that of glucose, the transport 

and phosphate-activation metabolism may play a role in the acidogenesis phenomenon. 

The acids secreted were identified as pyruvate and a-ketoglutarate. In the S. peucetius 

cultures, acid production was initiated during the late growth phase, a pattern also 

observed in cultures of S. coelicolor (Hobbs et al., 1992) and S. lividans (Wrigley-Jones 

et al., 1993).

Surowitz and Pfister (1985a) observed a decrease in growth rate in S. alboniger cultures 

grown on glucose as the sole carbon source compared to the growth rate observed when 

grown on dextrin or glucose and adenine. The glucose grown culture showed an adverse 

drop in pH from 7.0 to 3.5 in 4 days due to the secretion of an organic acid, identified as
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pyruvate. The dextrin and glucose plus adenine grown cultures showed only a slight 

drop in pH, and the dextrin grown cultures gave the highest cell yield. It is not 

understood why the presence of adenine in the glucose grown cultures prevented the 

production of acids.

Payne et a l  (1990) found a strong correlation between the presence of glucose in the 

growth medium and acid accumulation in S. lividans batch cultures. Initial glucose 

levels of 53 g/L suppressed growth, and glucose consumption was seen to cease when 

28 g/L of this substrate remained in the culture medium. (Glucose was completely 

consumed when lower initial levels were used.) Interestingly, the acid accumulated was 

not pyruvate or a-ketoglutarate, as has been observed in other Streptomyces bacteria 

cultures (Ahmed et a l , 1984; Surowitz and Pfister, 1985a; Dekleva and Strohl, 1987), 

but of an unknown structure.

Acid production is strongly associated with glucose, but the level of acid production is 

also strongly affected by the nitrogen source supplied. Ahmed et a l  (1984) found that in 

nitrogen-limited cultures of S. venezuelae grown in minimal medium with 5%  glucose, 

the amount of acid produced varied considerably with the nitrogen source supplied. In 

cultures with potassium nitrate as the nitrogen source the pH changed from 7 to 4.5 in 5 

days. The acids produced were identified as citrate, pyruvic acid and a-ketoglutaric acid. 

Small amounts of succinic acid could also be detected. Cultures with ammonium 

sulphate as the nitrogen source had a pH change from 7.0 to 4.5 in only 48 hrs. In 

cultures with ammonium and nitrate as a mixed nitrogen source, the excretion of both 

pyruvic and a-ketoglutaric acid began only after depletion of ammonium but before 

most of the nitrate had been taken up from the medium.

The organic acids accumulated in various Streptomyces bacteria cultures have a 

tendency to be reassimilated after the major carbon source has run out. Ahmed et a l  

(1984) found that upon the exhaustion of glucose in cultures of S. venezuelae, the 

excretion of pyruvate and a-ketoglutarate ceased. Pyruvic acid then disappeared rapidly 

from the medium; a-ketoglutarate was also reassimilated, but more slowly. Similar 

observations have also been made with S. lividans (Wrigley-Jones et a l ,  1993), S. 

coelicolor (Hobbs et a l ,  1992), and S. peucetius (Dekleva and Strohl, 1987).
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Below a certain pH level, it appears that the metabolic network is unable to reverse the 

effects of acidification. Dekleva and Strohl (1987) reported that acidifying cultures of S. 

peucetius reaching a pH as low as of 5.5 never recovered. Hence, the acids were not 

reassimilated.

2.3.11 Regulation of the Organic Acid Accumulation

One of the reasons why cells secrete organic acids when grown on a rapidly metabolised 

carbon source may be because an imbalance in enzyme capacities has arisen. When an 

enzyme is unable to process the flow of metabolites fast enough, a metabolic bottleneck 

results. This in turn may give rise to a metabolic overflow.

In acid producing cultures of Bacillus, an imbalance between the glycolytic flux and the 

TCA cycle capacity seems to be the root of the problem. Goel et al. (1995) found that 

this could be corrected by adding extra citrate. Citrate down-regulates glycolysis and 

alters the intracellular balance of metal ions. This in turn may trigger a sophisticated 

series of metabolic events leading to a reduction in pyruvate kinase and 

phosphofructokinase activity, the regulatory enzymes of glycolysis. When a ratio of 

glucose to citrate of 3:6 was employed, almost no pyruvate was produced.

In cultures o f E. coli, acid secretion is associated with pyruvate assimilation. El-Mansi 

and Holms (1989) investigated the control of carbon flux to acetate excretion during 

growth of E. coli in batch and continuous cultures. Precursors for biosynthesis were 

removed from the central metabolic pathways at rates related to the rate of generation of 

new biomass (p). If the rate of pyruvate uptake exceeded these requirements, the surplus 

carbon was secreted as acetate. Acetate excretion was prevented by reducing the specific 

growth rate to 0.35 1/h or less, or by inhibiting pyruvate dehydrogenase, hence reducing 

the flux to acetyl-CoA. Flux to acetate excretion is not believed to be a consequence of 

oxygen deficiency, but rather the saturation of the electron transport chain.

Glycolytic enzyme activity and TCA cycle enzyme activity can be studied in acidifying 

and non-acidifying cultures of Streptomyces bacteria to determine if there is a 

“bottleneck” somewhere in the metabolic network. Surowitz and Pfister (1985a)
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determined enzyme activities of phosphofructokinase (PFK), pyruvate kinase (PK), 

pyruvate decarboxylase (PDC) and citrate synthase (CS) in cultures of S. alboniger 

grown on glucose, dextrin or glucose and adenine. The glucose grown culture acidified 

where as the other two did not. The specific activities for all four enzymes in the dextrin 

and the adenine plus glucose grown cultures were highly similar. However, the activities 

of PFK and PK in the glucose grown cultures were about 5 times higher than the 

activities of PFK and PK in the dextrin, adenine and glucose grown cells. The activities 

of PDC and CS in glucose grown cells were similar to those observed in the non-acid- 

producing conditions. Hence, S. alboniger appeared to have increased glycolytic activity 

when grown on glucose. It appears that if the TCA cycle activities are not adjusted 

accordingly, an overflow of pyruvic acid will result. The reason for a-ketoglutarate 

secretion was not explained. The presence of adenine in the glucose grown cultures 

prevented the production of acids. However, the mechanism involved in this regulation 

is not understood. Addition of adenine to crude extracts of phosphofructokinase (PFK) 

and pyruvate kinase (PK) enzymes from cultures grown on dextrin and glucose had no 

effect. The effect of adenine in the regulation of acid production is believed to occur at 

the transcriptional level, but this has not been verified.

Ahmed et al., (1984) investigated cultures of S. venezuelae which excreted pyruvic and 

a-ketoglutaric acid during nitrogen limited growth on glucose. A gradual loss o f a - 

ketoglutarate dehydrogenase (KGDH) seemed to accompany the excretion of a - 

ketoglutaric acid. The KGDH enzyme activity continued to increase throughout the 

growth phase in a low acid producing strain. Hence, there is considerable evidence 

suggesting that a decline in KGDH activity is responsible for the excretion of a -  

ketoglutarate, creating a metabolic bottleneck between the glycolytic pathway and the 

TCA cycle. The mechanism of KGDH repression is not known.

It seems logical that acid production in Streptomyces bacteria in general results from a 

mismatch between the glycolytic and TCA cycle activities. However, certain evidence 

contradicts this general pattern. When investigating pyruvate and a-ketoglutarate 

excreting cultures of S. peucetius grown on glucose as the sole carbon source, Dekleva 

and Strohl (1987) found the ratio of pyruvate kinase (PK) to pyruvate dehydrogenase 

(PDH) activities in non-acid producing cultures to be 6.36:1 and in acidifying cultures 

2.68:1. This is exactly opposite of what might be expected to trigger pyruvic acid
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excretion. The specific activities of PK and CS in acidified cultures of S. peucetius 

grown on glucose were much lower than the activities of those enzymes in non

acidifying cultures grown on fructose. Specific activities of PDH and a-ketoglutarate 

dehydrogenase were similar in the acidifying and non-acidifying cultures. Although S. 

peucetius is known to show considerable instability during growth on any hexose sugar, 

this was not viewed as conclusive evidence. Thus, the authors concluded that the 

enzymatic activities does not appear to be significant in the production of the acids.

DelaCruz et a l  (1992) provided evidence of possible mechanisms of acid production in 

Streptomyces bacteria other than an imbalance between the glycolytic pathway and the 

TCA cycle. The group found that adding large amounts of nutrients (lOOg/L glucose and 

67 g/L tryptone) to a batch culture of a recombinant S. lividans resulted in acid 

accumulation. The major acid produced was identified as isovaleric acid. Lesser 

amounts of acetic acid could also be detected. Although little is known about the 

production of isovaleric acid, isovaleric-CoA is known to be produced from 

deamination of leucine. Hence, the data suggested that the acid by-products resulted 

from incomplete utilisation of peptide medium ingredients and not from an overflow of 

glucose metabolism. Under conditions of insufficient glucose, ammonium accumulation 

suggested that the amino acids and peptides where deaminated and the carbon skeletons 

were utilised and used for carbon catabolism. Thus, these studies strongly suggest that 

the peptide medium components are the source of major fermentation by-products. 

However, it should be noted that the nutrient concentrations used in this study were very 

large, and the results might be less significant in comparison to other studies carried out 

at more conventional nutrient levels in defined media. Pyruvate and a-ketoglutarate 

excretion, as described above, is normally associated with nitrogen limited cultures in 

defined media grown with glucose as the major carbon source (Ahmed et al., 1984; 

Surowitz and Pfister, 1985a; Dekleva and Strohl, 1987).

Under nitrogen limited conditions, Streptomyces bacteria cultures often become acidic. 

Ahmed et al. (1984) investigated different conditions of nitrogen limited growth on 

glucose in cultures of S. venezuelae. The cultures showed a tendency to become acidic 

with several nitrogen sources. The amount of acid produced varied according to the 

nitrogen source supplied. The two acids produced were identified as pyruvate and a- 

ketoglutarate. Cultures supplied with inorganic ammonium or potassium nitrate became
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acidic after the nitrogen source had been exhausted. However, when glycine was the 

nitrogen source, the culture became alkaline. With a slowly assimilated nitrogen source 

such as serine, acid excretion accompanied biomass accumulation and the culture 

showed no change in pH after nitrogen depletion. Cultures grown in media with 

ammonium and nitrate as a mixed nitrogen source, used the two forms of nitrogen 

sequentially. Excretion of both pyruvic and a-ketoglutaric acid began after depletion of 

ammonium but before most of the nitrate had been taken up from the medium.

Madden et al. (1996) observed that at the presence of ammonia in amino acids and 

glucose grown cultures of S. lividans prevented acid production.

2.3.12 Carbon Storage Metabolism

Olukoshi and Packter (1994) investigated lipid and hydrocarbon primary metabolism in

S. lividans, S. coelicolor, S. albus and S. griseus grown in a rich medium. It was found 

that triacylglycerol (TAG), a neutral lipid, accumulated during the post-exponential 

active growth phase of these species. S. lividans also accumulated glycogen. These 

where the only storage products detected, in contrast to other bacteria where 

polyhydroxybutyrate and glycogen are typical storage polymers. TAG might be needed 

to maintain the cell integrity after glucose becomes exhausted from the medium, and 

also to provide C2  units for subsequent biosynthesis of acetate-derived antibiotics in the 

appropriate species. It was reported that actinorhodin was formed in S. coelicolor only 

after exhaustion of glucose; the carbon source may therefore have originated from TAG.

2.4 NITROGEN METABOLISM

Streptomyces bacteria are known to grow well on a variety of nitrogen sources. The 

nitrogen sources most commonly employed in industrial fermentations include proteins, 

ammonia and ammonium salts, urea and nitrate salts. The organisms usually metabolise 

the nitrogen in the order presented above. Proteins are first digested by extracellular 

proteolytic enzymes before they can be assimilated. Ammonia is easily assimilated via 

glutamate dehydrogenase. Proteins can also serve as a sources of carbon and energy. 

When other carbon sources are depleted, Streptomyces bacteria will generally start 

utilising proteins for energy.
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2.4.1 Ammonia and Nitrate

The key metabolites in the synthesis of nitrogen-containing macromolecules are 

glutamate and glutamine. Glutamate provides the nitrogen for the synthesis of most 

amino acids, while glutamine donates nitrogen for the synthesis of purines, pyrimidines, 

and other nitrogen containing metabolites.

In S. fradiae and a number of other Streptomyces strains, ammonia is assimilated either 

via glutamate dehydrogenase, which catalyses the reaction forming glutamate from a-  

ketoglutarate and NH4 +, or via glutamine synthetase, which catalyses the reaction 

forming glutamine from glutamate and ammonia (Nyguyen et al., 1997). The cofactor 

for the glutamate dehydrogenases working in the glutamate synthesis direction is 

NADPH or NADH (Nyguyen et al., 1997). Both enzymes are reversible, but in the 

glutamate degradation direction, the NAD+ dependent enzyme seems to be preferred 

(Stryer, 1988). Most Streptomycetes have both glutamate dehydrogenases, but a few, 

such as S. venezuelae, only have the NAD+ dependent version. A couple of strains, S. 

clavuligerus and S. aurofaciens have neither (Nyguyen et al., 1997).

When ammonia is limited, glutamine synthetase is the preferred enzyme. Together with 

a third enzyme, glutamate synthase, which catalyses the formation of two glutamate 

from a-ketoglutarate and glutamine, the glutamine synthetase option is 

stoichiometrically similar to the glutamate dehydrogenase option. However, much more 

energy is consumed when glutamine synthetase is used. Hence, the reason for a 

glutamine synthetase preference at low N H / levels is that this enzyme has a much 

higher ammonia affinity (Stryer, 1988; Nyguyen et al., 1997).

The glutamine synthetase enzyme in Streptomyces bacteria is more similar to glutamine 

synthetase from Gram-negative bacteria such as E. coli than to glutamine synthetase 

from other Gram-positive bacteria such as B. subtilis or Clostridium acetobutylicum. 

Streptomyces bacteria also appear to have a secondary glutamine synthetase enzyme. In 

nitrogen fixing bacteria this second enzyme is expressed during nitrogen limiting 

conditions. In Streptomyces bacteria, however, the role of this enzyme is unclear (Fisher, 

1989).
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Fisher (1989) investigated the synthesis of glutamine synthetase. It was found to be 

regulated at the transcriptional level by nitrogen availability in several Streptomyces 

bacteria strains. In addition to the control at the transcriptional level, a post- 

transcriptional regulation by adenylation also appears to play a role in regulating the 

steady-state levels o f glutamine synthetase activity. Nguyen et a l  (1994) showed that 

glutamine synthetase activity in S. coelicolor grown on a minimal medium was 

repressed by ammonia and induced 56.8 fold in a nitrogen free medium. The second 

glutamine synthetase enzyme was not induced even during long term nitrogen 

starvation. Therefore, glutamine synthetase (1) was assumed to be the only active 

glutamine synthetase enzyme in S. coelicolor.

It was later also demonstrated by Nguyen et al. (1995) that the activity of glutamine 

synthetase in S. aureofaciens was repressed by rich nitrogen sources increasing the GS 

adenylation. The presence of TCA cycle intermediates did not seem to have any effect 

on the enzyme activity.

Streptomyces, as many other bacteria, utilise nitrate as a nitrogen source. The nitrate is 

taken up via amonification, where NO 3 is transformed to NH4  through a series of 

reduction processes using NADH as the electron donor (Lim, 1989).

Karandikar et a/. ,(1997) studying S. coelicolor on a solid medium, found that upon 

depletion of nitrate from the medium there was a marked increase in the production of 

a-ketoglutarate by the culture, and a coinciding decrease in medium pH.

2.4.2 Amino Acids

Amino acids are readily assimilated and metabolised by Streptomyces bacteria and 

frequently serve as building blocks for a range of antibiotics (Tang et al., 1994). In 

Streptomycetes, the branch chain amino acids leucine, isoleucine and valine may serve 

as precursors for commercially important polyketides. Potter and Baumberg (1996) 

investigated assimilation of these amino acids in Streptomyces coelicolor and clear 

evidence of high end-product-control of metabolism was found. Valine dehydrogenase
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one of the main enzymes in valine catabolism was investigated by Tang and Hutchinson 

(1995). The enzyme was induced by valine and repressed by glucose and ammonia.

Laakel et al. (1994a,b) reported increased activities o f acetyl-CoA carboxylase and 

pyruvate dehydrogenase during the antibiotic producing phase in Streptomyces 

ambofaciens cultures with valine as compared to ammonia grown cultures.

Threonine catabolism has been found to be closely linked to fatty acid and tylosin 

biosynthesis in S. fradiae (Vancura et a l ,  1988). Threonine is catabolised via 2- 

ketobutyrate, a source of propionyl-CoA, methylbutyryl-CoA and a number of other 

fatty acid and tylosin common precursors.

Rodriguez et a l  (1997) studying the arginine pathway in Streptomyces c/avuligerus 

found evidence of a highly regulated pathway. Soutar and Baumberg (1996) found that 

arginine biosynthesis control in S. coelicolor was homologous to that found in B. 

subtilis and E. coli.

Proline biosynthetic enzymes were found to be expressed constitutively in Streptomyces 

coelicolor (Hood et a l ,  1992). Evidence suggested that the proline anabolism and 

catabolism were in a dynamic state of equilibrium and if this balance was disturbed, Red 

biosynthesis would act as a sink for excess proline.

Tryptophan is one of the amino acids which is not involved in secondary metabolism in 

Streptomyces bacteria Hood et al. (1992) investigated the regulation of tryptophan 

biosynthesis. Tryptophan biosynthesis appeared to be controlled by growth phase and/or 

the growth rate of the culture. Hence, it appeared that the amino acid biosynthetic 

pathway of tryptophan was regulated at the genetic level - not by feedback repression, 

but rather by the overall physiological state of the cell. It was concluded that many 

Streptomyces amino acids are synthesised on demand, and they should therefore not 

accumulate.

E.B. Daae, 1999 PhD Thesis Page 31



2.4.3 Alkaline Production

Alkaline by-products rather than acidic by-products will become a problem in 

Streptomyces bacteria under certain culture conditions. Erpicum et al. (1990) found that 

S. lividans TK24 grown on a complex medium in a submerged culture suffered from 

increases in pH throughout the cultivation. This alkaline shift resulted in cellular lysis 

and appeared to be controlled by the presence o f amino acids as the major carbon and 

nitrogen source. Considerable less alkaline by-products were secreted when glucose and 

NH4CI were supplied as easily metabolised carbon and nitrogen sources. Replacement 

of bactopeptone by undigested protein also insured a slow and progressive supply of 

amino acids, improving the cell yield and stabilising the pH.

2.5 OTHER NUTRIENTS

2.5.1 Phosphorus

Phosphorus is a conserved substrate within the cell, and it is very important for 

energy metabolism. It differs from carbon and nitrogen in that the requirement for 

phosphorus and the yield coefficient for the substrate can vary widely between cultures 

and from fermentation to fermentation. Typical levels of cellular phosphate can range 

from 0.2 % to 10 % (w/w) (Bader, 1986).

Phosphorus is supplied to the cells in the form of inorganic phosphate and/or in the form 

of complex organic phosphates. Complex phosphates are present in natural products 

used to supply protein to the medium (Bader, 1986).

2.5.2 Sulphur

Sulphur requirements of the cells are usually met by supplementing the medium with 

sulphate. Some sulphur can also be supplied from amino acids such as cystein and 

methionine. Most industrial Streptomyces bacteria media contain excess quantities of 

sulphur, as it is not generally inhibitory to growth or secondary metabolism. Under 

aerobic conditions sulphur is also considered to be a conserved substrate (Bader, 1986).
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2.5.3 Salts, Minerals & Metals

The major cations include sodium, potassium, calcium and magnesium. These are added 

to the medium as counter ions of sulphates, phosphates and chlorides. They are naturally 

occurring minerals in water and complex substrates. The effect of these cations on the 

fermentation process can be significant, particularly on product formation. Calcium and 

magnesium can form insoluble salts and in some cases remove other nutrients from the 

solution. (Bader, 1986)

Numerous enzymes require certain metal ions as cofactors. The ions often required 

include calcium, magnesium, manganese, iron, cobalt, copper, zinc and molybdenum. 

These ions may be essential in achieving high production rates, but are generally 

required in very low concentrations. Excessive levels can also be inhibitory (Bader,

1986). Many of these metals are readily available in water and complex nutrients, but 

for scientific experiments trace elements in solution are often added to the medium.

2.6 GROWTH ON MIXED NUTRIENTS

As cell growth depends on the presence of a number of substrates it may be assumed 

that these substances will interact in a number of ways affecting the growth of the 

organism. Therefore the substrates assimilated cannot be consider in isolation. Optimal 

nutrient conditions are relative, and optima for cell growth does not always coincide 

with the optima for product formation.

The best carbon and nitrogen sources for Streptomyces bacteria growth seem to be 

starch and glutamate respectively (Doull and Vining, 1989; Sarra et a l ,  1993). This is 

not surprising considering that starch breaks down to glucose which is readily 

assimilated and that glutamate is the most important nitrogen source in the synthesis of 

other amino acids.

Doull and Vining (1989) tested various carbon and nitrogen sources, including starch, 

glucose, glycerol and maltose, for batch cultivation of S. coelicolor in defined media. 

The combination of glutamate and starch was found to support the fastest growth. The
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maximum growth rate was found with a phosphate concentration of 10-15 mM, 5% 

starch and 60 mM glutamate. At concentrations above 60 mM of glutamate the growth 

rate would start to decrease.

Sarra et al. (1993) made similar observations for the growth of S. lividans TK21, also in 

defined medium batch cultures. From the combinations of various carbon sources and 

nitrogen sources tested, including glucose, lactose, sucrose, glycerol, sodium nitrate and 

ammonia, an initial concentration of 10 mM phosphate, 52.8 mM glutamic acid with 3% 

concentration of starch was found to be optimal for growth and antibiotic production. 

Higher initial levels of glutamic acid and phosphate would increase the growth rate 

further, although at the expense of antibiotic production rate.

2.7 PHYSIOLOGICAL GROWTH REGULATION

2.7.1 Temperature Effects

The bacterial cell depends on numerous transport operations and other reactions for 

product synthesis and generation of new cellular material. These events are controlled 

through a highly organised and controlled structure. Temperature affects both enzyme 

reaction rates and substrate solubility. Hence, it has a high influence on the overall 

metabolism of the cell.

In general, microbes can only grow over a limited temperature range. The growth rate is 

slow at the lower end of the temperature range, rising gradually to reach a peak, after 

which it declines rapidly. Streptomyces bacteria are classified as mesophils, having an 

optimal temperature in the range of 25°C to 35°C. Most Streptomyces bacteria 

fermentations are conducted between 27°C and 34°C (Bader, 1986).

2.7.2 pH Effects

Both acid and hydroxyl ions are highly reactive chemical species. At high
ujVth

concentrations, either ion can react^and degrade biological materials. At lower 

concentrations, these ions can affect the dissociation of organic acids, change the
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properties of cellular membranes, affect the activity of extra-cellular enzymes, affect cell 

wall formation, affect the product distribution of microbial metabolism, precipitate 

metal ions and inorganic material and affect the stability of secondary metabolites.

Generally, Streptomyces bacteria have a broad optimum pH range with a peak around 

pH 7 with little growth occurring below pH 5 and above pH 9 (Bader, 1986)..

2.7.3 Effects of Oxygen Supply

Aeration serves two purposes in fermentation processes: mixing and oxygen transfer for 

cellular respiration. Streptomyces bacteria strains of have been known to survive at very 

low oxygen concentrations. Wrigley-Jones et a l  (1993) found that S. lividans can 

survive at very low oxygen partial pressures, perhaps through fermentative means, 

although these situations did result in some DNA degradation.

The cellular protein content is also quite sensitive to the oxygen tension. Yegneswaran 

et a l  (1988) studied the protein content of S. clavuligerus cells cultivated at different 

levels of dissolved oxygen. Higher protein levels were observed throughout the course 

of the reduced oxygen run. The control fermenter had a protein content of 29% of the 

dry cell weight at the end of the growth phase and the reduced oxygen fermenter had a 

protein content of 39%. Higher dry cell weight was also observed with lower oxygen. 

This observation might suggests that high oxygen levels inhibit growth.

As the oxygen level quite clearly influences the protein level in the cell, it is expected 

that various enzymes will be affected too. DelaCruz et a l  (1992) found that under 

extended fed-batch operation, when oxygen transfer became limiting, certain enzyme 

activities where reduced due to oxygen limitation.

2.7.4 Physiological Catabolite Repression

Catabolite repression is not always associated with a carbon substrate. Chatteijee and 

Vining (1981) reported that in cultures of S. venezuelae, glucose did not appear to exert 

catabolite repression commonly observed in other Streptomyces bacteria species.
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However, decreased synthesis of the a-glucosidase enzyme, responsible for the uptake 

of mannose and other a-glucosidases, was observed when certain organic acids and 

amino acids where included in the medium. Acetate and glycine were observed to have 

a profound negative effect on the a-glucosidase synthesis. This suggested that despite 

the ineffectiveness of glucose, mannose and other carbon sources known to support a 

fast rate of growth in S. venezuelae, catabolite repression may be exerted by various 

organic and amino acids.
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3. PLASTIC PRODUCTION IN PLANT PLASTIDS

Plants do not have a natural ability to produce plastics. They are however well known 

for their capacity to synthesise a number of other polymers and for the ability to store 

large quantities of such material, as starch. In plastids, acetyl-CoA, a precursor to 

biodegradable plastic polymers is in abundance. For these reasons and others that will 

be discussed later, a lot of effort is made to introduce a genetically engineered pathway, 

producing biodegradable plastics, into plants. The pathway, which occurs naturally in 

some species of bacteria, consists of three enzymes (Gruys et al., 1998a). The 

performance of the pathway is difficult to predict in a foreign environment such as plant 

plastids, and hence, a mathematical model was constructed to aid the research.

Below is as short overview over plant plastids in general. The specifics of the pathway 

will be discussed in chapter 1 1  together with the mathematical model developed to 

investigate the problem.

Plants cells differ from bacterial and animal-cells is a number of ways. The most 

important factor is the process of photosynthesis in plant cells where electrons from 

water and the energy of sunlight is used to convert CO2  into organic compounds 

(Alberts et a l ,  1994). When splitting the water, O2  is released to the atmosphere. In 

plants this process occurs in a specialised intracellular organelle -  the chloroplast. 

Chloroplasts belong to a greater family of intracellular organelles, the plastids.

Plastids are intracellular organelles in plant cells and are enclosed by an envelope 

composed of two concentric membranes. They contain multiple copies of small 

genomes, circular pieces of DNA of a similar size to viruses, 120-20()\>ase pairs. These 

genes contain the code for many plastid functions, but not all. Some plastid functions 

are also coded for by the main cellular genome (Alberts et a l ,  1994).

All plastids develop from proplastids which are relatively small organelles present in the 

immature plant cells. Proplastids develop according to the requirements of each 

differentiated cell, and which type is present is largely determined by part of the nuclear 

genome. If a leaf is grown in darkness, its proplastids enlarge and develop into
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ethioplasts. Ethioplasts have a semi-crystalline array of internal membranes which 

contain a yellow chlorophyll precursor instead of chlorophyll. When exposed to light, 

the ethioplasts rapidly develop into chloroplasts by converting this precursor to 

chlorophyll and by synthesising new membranes, pigments, photosynthetic enzymes, 

and components of the electron transport chain (for ATP synthesis) (Alberts et a l , 

1994).

Leucoplasts are plastids which occur in many epidermal and internal tissues that do not 

become green or photosynthetic. They are little more than enlarged proplastids. A 

common form of the leucoplast is the amyloplast which accumulates starch in storage 

tissues. In some plants, such as potatoes, the amyloplasts can grow to be as large as an 

average animal cell (Alberts et a l , 1994).

Plants also exploit their plastids in the cellular compartmentalisation of intermediary 

metabolism. Plastids produce more than the energy and reducing power (as ATP and 

NADPH) that is used for the plant’s biosynthetic reactions. Purine and pyrimidine, most 

amino acids, and all of the fatty acid (de-saturation occurs elsewhere) synthesis of plants 

take place in the plastids, whereas in animal cells these compounds are produced in the 

cytosol (Alberts et a l , 1994).
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4. MATHEMATICAL MODELLING OF BIOCHEMICAL 

SYSTEMS

Scientists have tried for decades to describe and predict biochemical systems in 

mathematics terms. The first models were simple, limited by scientific information and 

computer power available at the time. However, new scientific techniques, “the genetic 

revolution” and accelerating computer development have enabled a dramatic 

improvement in the understanding of biochemical systems. The mathematical models 

have over the past decades expanded and improved taking into account as many pieces 

of information as possible. These models, spanning over an immense field of biology, 

aid in the understanding of biochemical systems, which again often promotes progress 

within areas such as drug discovery or drug production, or the development of a new 

cancer treatment etc. Hence, mathematical modelling is indeed a very powerful tool 

aiding research efforts and promoting scientific progress. Below is an overview of the 

history of mathematical modelling of biochemical systems as well as an overview of the 

various methods and approaches used.
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4.1 SUMMARY OF MA THEMA TICAL MODELLING

Models of biochemical pathways have been described from single kinetic rate 

expressions to complex linear models. The models can be divided into two main 

categories, structured and unstructured. Unstructured models consider the biomass as a 

“black box”, whereas structured models range from internal cellular structured to 

morphologically structured models which take the cell population into account. 

Normally, a choice between morphological and physiological structure is made to avoid 

the associated accelerating complexity. Single cell models are sometimes both 

morphologically and physiologically structured though.

When studying metabolic pathways, four alternative methods are available; kinetic 

modelling, Metabolic Control Analysis (MCA), Biochemical Systems Theory (BST) 

and Flux Analysis (MFA). Kinetic models are very useful, when studying short 

pathways where the enzyme kinetics of all the enzymes are available. MCA and BST are 

mostly regarded as complementary methods to kinetic models, whereas MFA provides a 

useful approach for studying large metabolic structures where no or little kinetic 

information is available.
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4.2 NOMENCLATURE

NOMENCLATURE FOR STRUCTURED AND UNSTRUCTURED MODELS 

x  biomass concentration (g/1)

t time (hrs)

s substrate concentration (mmol/1)

ks substrate half saturation constant (mmol/)

Yxs observed biomass yield (g/mmol)

rs substrate uptake rate (mmol/g/hr)

Yxs “true” biomass yield (g/mmol)

ms maintenance coefficient (mmol/g/hr)

sn denoting nth substrate
tVise i i growth enhancing substrate

i referring to ith substrate or ith reaction

j  referring to substrate or j*  reaction

ki inhibition constant (mmol/1)

ke>i half saturation constant for ith growth enhancing substrate (mmol/1)

kj half saturation constant for j tb substrate (mmol/1)
tiiSj j substrate essential for growth

jJLmaxj maximum specific growth rate referring to j*  substrate (h r1)

p  product concentration (mmol/1)

k2 reaction 2  rate constant (h r1))

xG biomass in compartment G (g/1)

xd biomass in compartment D (g/1)

kGG non-specific inhibitor for generating xG in compartment G (g/1)

kGD non-specific inhibitor for generating xD in compartment G (g/1)

ksG half saturation constant for uptake of substrate to compartment G (mmol/1)

ksD half saturation constant for uptake of substrate to compartment D (mmol/1)

xq’ biomass in compartment G’ (g/1)

xA * biomass in compartment A ’ (g/1)

X  biomass

Si ith substrate

Ei ith enzyme catalysing uptake of ith substrate

Yi yield of biomass per unit ith substrate

X ’ biomass after enzyme production
tVin  growth rate for growth on i substrate (g/l/hr)
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Si ith substrate concentration (mmol/1)

ksi i111 substrate half saturation constant (mmol/1)

k ’si ith substrate half saturation constant for i* enzyme synthesis (mmol/1)

ei ith ensyme specific concentration (-)

r£i ith enzyme synthesis rate (g/l/hr)

Ui first cybernetic variable for ith enzyme (-)
tli

v, second cybernetic variable for i enzyme (-)

rj j*  growth rate (g/l/hr)

p  specific growth rate (hr1)

fimax maximum specific growth rate (h r1)

Pi maximum specific growth rate for growth on ith substrate (h r1)

Oi i* ensyme synthesis rate constant (hr1)

kj reaction 1  rate constant (h r1)

k ’j reaction r f  rate constant (h r!)

ri reaction 1 reaction rate (g/l/hr)

r ’i reaction 1 reaction rate (h r1)

r2 reaction 2  reaction rate (g/l/hr)

k ’2 reaction r2 ’ rate constant (l2/g 2/hr)

r 2  reaction 2  specific reaction rate (h r1)

NOMENCLATURE FOR METABOLIC CONTROL ANALYSIS 

Oj steady state concentration of j 111 metabolite (mmol/g)

<T* steady state concentration of k111 metabolite (mmol/g)

8kj orthogonal space constant (-)

eXi l elasticity coefficient with respect to the ith rate and variable x(-)

Cp flux control coefficient (-)
v

Cp concentration control coefficient (-)

C »  concentration control coefficient w.r.t. flux through the ith reaction (-)
J  thCVi flux control coefficient with respect to flux through the i reaction (-)

i referring to Ith reaction
tVij  referring to j metabolite

J  steady state flux through a the pathway (mmol/g/hr)

k referring to kth metabolite

m number of metabolites considered

P  parameter which modifies the rate (any unit)

r number of fluxes considered
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v, rate of ith reaction (mmol/g/hr)

X  steady state metabolite concentration (mmol/g)

x  variable modifying the rate (any unit)

NOMENCLATURE FOR BIOCHEMICAL SYSTEMS THEORY 

^  rate constant for a consuming ith reaction (units depending on expression)

0Ci rate constant for a producing Ith reaction (units depending on expression)

0  denotes operating point

gij kinetic order w.r.t. ith reaction and jth metabolite for a forward reaction (-)

hij kinetic order w.r.t. ith reaction and jth metabolite for a forward reaction (-)

1 referring to Ith reaction
tfij  referring to j metabolite

m number of independent variables (-)

n number of dependent variables (-)

Vi consuming flux through the ith reaction (mmol/g/hr)

Vi flux through the i111 reaction (mmol/g/hr)

Vi+ producing flux through the i^ reaction (mmol/g/hr)

Vio' consuming flux through the i1*1 reaction at operating point (mmol/g/hr)

Vio+ producing flux through the i* reaction at operating point (mmol/g/hr)

Xj concentration of the jth metabolite (mmol/g)

Xjo concentration of the jth metabolite at operating point (mmol/g)

NOMENCLATURE FOR METABOLIC FLUX ANALYSIS 

b net accumulation rate vector (mmol/g/hr)

S stoichiometric matrix (-)

v vector of reaction fluxes (mmol/g/hr)
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4.3 UNSTRUCTURED MODELS

The so-called unstructured models were among the first mathematical models used to 

describe biochemical systems, in particular cell growth. In unstructured models, all 

cellular components are pooled into a single biomass component represented by the total 

biomass concentration x. In these models, the fermentation process is normally modelled 

by one reaction only. A so-called “black box” approach is used and the key relationship 

is:

dx

Eq. 4-1

,where fi, the specific growth rate, is a function of the system variables, (i.e. biomass, 

substrate concentration etc.) Sometimes is used as a constant, but on most occasions it 

is an appropriate function.

4.3.1 THE MONOD MODEL

The simplest of all unstructured models is the Monod model (Monod, 1942). The model 

assumes that the rate of biomass production depends exclusively on the concentration of 

one substrate and has its foundations in Michaelis-Menton type enzyme kinetics. The 

relationship between the substrate concentration, s , and the specific growth rate, fi, is as 

follows:

s + ks

Eq. 4-2

where is the maximum specific growth rate and ks is the half saturation constant for 

the substrate concentration. This model has been used to correlate fermentation data for 

many different microorganisms. For organisms showing a sigmoidal growth 

characteristic a reasonably good fit for both the substrate and biomass concentration can 

be found.
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Some of the most characteristic features of microbial growth can be accurately 

represented by the Monod model; constant specific growth rate at high substrate 

concentrations and first order dependence of the specific growth rate on substrate 

concentration at low substrate concentrations. One may argue that the two features 

which make the Monod model fit experimental data well are deeply rooted in any 

naturally occurring conversion process: the enzymatic apparatus which is responsible for 

substrate conversion to biomass must have an upper limit and all chemical reactions will 

end up as first order processes when the reactant concentration tends to zero.

The Monod model does not describe any mechanism of the fermentation process. 

Monod's ks constant is no more than an empirical parameter used to fit the average 

substrate influence on all cellular reactions by which substrate is converted to biomass.

In the Monod model it is assumed that the yield of biomass from the limiting substrate, 

T„, is constant.

dx = ds-Yxs

Eq. 4-3

However, it is common knowledge that the yield depends on a number of factors, such 

as temperature, pH and the nutrient sources available. Hence, the yield cannot be 

constant at all times if  these parameters vary throughout a fermentation. Only if the 

fermentation is carried out at a steady state (chemostat) will the yield be constant. The 

variation, however, may be insignificant, depending on the mode o f fermentation, type 

of organism etc..

4.3.2 MODELS INCLUDING MAINTENANCE

The simplest form of the Monod model is usually used only for preliminary studies to 

exclude complex factors such as maintenance metabolism or biomass decay. This often 

leads to a discrepancy between the model predictions and the experimental data, even at 

balanced growth conditions. A combination of a simple maintenance model (non growth 

associated substrate consumption) and the Monod model is a common approach.
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In a model proposed by Herbert (1959) maintenance was included, assuming that part of 

the cell is degraded (or there is an endogenous synthesis of cellular material). Hence, the 

true specific growth rate differs from the observed specific growth rate. In another 

model by Pirt (1965) a constant rate of substrate consumption for maintenance is 

included. The approach adapted by Pirt (1965) is the most frequently employed. 

Combining the maintenance metabolism with the Monod model gives:

1 s
r = -----------  7“  + ms
‘ Y» s + K

Eq. 4-4

The maintenance constant, ms, can be derived on the basis of an ATP balance. When 

maintenance metabolism is included in the model, the yield is no longer a constant but a 

function of the maintenance coefficient and the specific growth rate.

" r, y~»+m t\k-x

Eq. 4-5

The stoichiometric coefficient ya is often called the “true” yield and Y„ is then called the 

“observed” yield coefficient.

4.3.3 ALTERNATIVES TO THE MONOD MODEL

It cannot be expected that the two parameter empirical rate expression derived by 

Monod can be used to fit all fermentation data. Many authors have tried to improve on 

the Monod model. Some of the proposed relationships are listed in the table below.
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Table 4-1, Alternative unstructured models (Nielsen and Villadsen, 1994):

Name Kinetic expression

Teissier

Moser max

S
Contois max

Blackman "max

; S > 2 kmax

Logistic law "max

All the expressions above can in a similar fashion to Monod's model be combined with

a maintenance model.

4.3.4 MODELS FOR GROWTH ON MULTIPLE SUBSTRATES

All the unstructured models above assume that there is only one growth limiting 

substrate, but in reality more than one substrate concentration influences the specific 

growth rate. A situation where more than one substrate becomes growth limiting is 

difficult to model using unstructured models, unless many adjustable parameters are 

admitted. Tsao and Hanson (1975) proposed a general multi-parameter, unstructured 

model for growth on multiple substrates:

where se are growth enhancing substrates and s are substrates essential for growth. The 

presence of growth enhancing substrates results in an enhanced specific growth rate, 

whereas the essential substrates are absolutely necessary for growth to take place. The

s . + k .
'max,7 ‘ ^ j

Eq. 4-6
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application of this equation might be quite useful when only a couple of substrates are 

present. However, the presence of many substrates will result in a correspondingly large 

number of parameters, and hence, the fit of the model may be coincidental.

Further, growth on two or more substrates which may substitute each other cannot be 

predicted or described by any of the unstructured models described above. In many 

bacteria glucose must be consumed entirely before any other carbon source can be 

metabolised. To describe this so-called diauxic growth it is necessary to apply a 

structured model as described in chapter 4.4.2 on diauxic growth modelling.

4.3.5 MODELS DESCRIBING INHIBITION

In some cases growth is inhibited either by high concentrations of the limiting substrate 

or by the presence of a metabolic product. In order to account for these aspects the 

Monod kinetics is often extended with additional terms. Thus inhibition by high 

concentrations of the limiting substrate can be shown as (Han and Levenspiel, 1988):

Eq. 4-7

and for inhibition by a metabolic product (Han and Levenspiel, 1988):

s 1 
= s + k, 1 + p /k ,

Eq. 4-8

where h  is the inhibition constant and p  is the product concentration. These equations 

enable the inclusion of product or substrate inhibition in a simple model. The 

expressions have also been applied in connection with structured models. However, 

extension of the Monod model with additional terms or factors should be used with 

care, as the resulting model contains a large number of parameters often with little value 

outside the range in which the experiments were made.
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4.4 STRUCTURED MODELS

Unstructured models are quite adequate for steady state conditions, even quite complex 

growth patterns may be incorporated. However, unstructured models give a rather poor 

description of dynamic experiments. Fed-batch conditions are particularly difficult to 

describe using unstructured models.

All structured models are essentially improved versions of unstructured models, because 

at least some basic mechanism of the cellular behaviour is qualitatively incorporated. 

Thus, the structured model may have some predictive strength, i.e. it may describe the 

growth process at different operating conditions with the same set of parameters, and it 

can therefore be applied in the optimisation of a fermentation process. However, "true” 

mechanisms of the metabolic processes are not revealed by a structured model 

regardless of the number of parameters incorporated.

In structured models, the microbial activity is not only a function of the abiotic 

environment but also of the cellular composition. There are many approaches to 

structuring the biomass. Some are ingeniously simple, structuring the biomass in such a 

way that only a few cellular components need to be considered. In theory highly 

structured models may consider each and every component of the cell, although this is 

not practically possible. The choice of structuring depends on the aim of the modelling 

exercise and the variables which can practically be measured. Often a simple structured 

model is used as the starting point. More structure can then be added as the necessary 

experimental data becomes available.

Even in highly structured models, the cellular components included in the model 

represent "pools" of different enzymes, metabolites, cellular components etc. Hence, the 

cellular reactions considered are empirical in nature as they do not represent the 

conversion between "true" components. Similarly, the kinetics for the individual 

reactions are normally written in terms of empirical expressions, in a form which fits the 

experimental data using a relatively small number of parameters (Ramkrishna et a l ,  

1967). Monod type expressions are often used as they summarise some fundamental 

features of most cellular reactions. Despite their empirical nature, structured models are
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normally based on some well known cell mechanisms, and therefore simulate certain 

features of cellular behaviour quite well.

4.4.1 SIMPLE STRUCTURED MODELS

In simple structured models, the biomass is divided into a few "compartments" or 

"pools". These compartments have been defined so that cell components with similar 

function are placed in the same compartment.

The protein synthesis system (PSS) is often used as a key component in simple 

structured models. The PSS consists of approximately 60% ribosomal RNA and 40% 

ribosomal protein. Ribosomal RNA makes up more than 80% of the total stable RNA in 

a cell, hence the level o f ribosomal RNA can easily be identified. The RNA content of 

E. coli and many other microorganisms can be expressed as a linear function of the 

specific growth rate (at steady state conditions). Thus the level of PSS can be well 

correlated with the specific growth rate and/or the amount of RNA. It is therefore also a 

good representative of the state of activity of the cell (Ingraham et al., 1983).

Most simple structured models are based upon the division o f the cell into an "active" 

and "inactive" part, where the PSS is always included in the active part of the cell 

(Nielsen and Villadsen, 1992). In some models the DNA content of the cell is also is 

also taken to be part of the active cell compartment. Although DNA is an essential cell 

component, it has virtually nothing to do with the growth rate o f cellular components.

In simple structured models, the kinetics of the intracellular reactions are often 

formulated in terms of abiotic variables, e.g. extracellular substrate concentration. This 

means that the macromolecular transport reactions are neglected, or rather that the level 

of intracellular substrate concentrations is taken to be constant by a pseudo steady state 

assumption.

One of the earliest structured models divided the biomass into a G compartment 

composed of nucleic acids and a D compartment with enzymatic proteins. Both G and D  

were considered to be active compartments and inactive material was included as the
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degradation of G and D by a non-specific inhibitor Ramkrishna et al. (1967). A graphic 

representation of the model is given below.

Biomass

S

Figure 4-1, Schematic outline of the two compartment model by Ramkrishna etal. (1967).

Both the G and D compartments are formed from external substrate, and no interaction 

between the two compartments is permitted.

The model was represented as follows using Monod type rate equations:

r \ = k i
xc *

X G ^ G G  S  ^ s G

Eq. 4-9

*̂2 ^ 2  i i ' X  D
X G GD S  ^ s D

Eq. 4-10

In another simple structured model by Williams (1967), the biomass was also divided 

into two compartments. Small metabolites and ribosomes were designated to 

compartment A ("active"), and all macromolecules like protein and DNA were pooled 

into another compartment, G. This is a useful way of dividing the biomass into two parts 

as the ratio between proteins and DNA is often observed to be more or less constant at 

different growth rates. Synthesis of the two compartments was described by:
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Eq. 4-11

r 2 ~  ^ 2  X A X G

Eq. 4-12

This is grammatically shown below in Figure 4-2:

Biomass

Figure 4-2, Schematic outline of the two compartment model by Williams (1967).

The A compartment is formed directly from S (substrate), and is described by a Monod 

type dependence. The G compartment is formed from building blocks present in A. The 

growth rate of G is postulated to be proportional to both xA and xG. As A is the active 

part of the cell, the rate of formation of G must depend on the size of A. The role of G is 

more unclear, but a constant fraction of G may contain enzymes necessary for the 

growth of G.

Recently Nielsen et al. (1991a,b) presented a simple structured model for the growth 

and product formation of Lactococcus cremoris. The model is a progeny of the model of 

Williams (1967), with a similar definition of the two compartments, although product 

formation is included and two limiting substrates are considered.

E.B. Daae, 1999 PhD Thesis Page 52



The model described the experiments very well, even the time of adaptation was 

correctly predicted. The same phenomenon could not be predicted by an unstructured 

model as this would not take into account any previous history o f the particular cell 

culture.

Many other simple structured models have been proposed in literature (Harder and 

Roels, 1982; Nielsen and Villadsen, 1992). Most of these are similar in structure to the 

models described above, but the same ideas have been formulated differently by 

different authors.

4.4.2 MODELLING AND DIAUXIC GROWTH

Most academic fermentation studies are undertaken with only a single limiting substrate. 

In industrial processes several different components of a complex substrate may become 

rate limiting in various parts of a fermentation. Modelling the parallel uptake of 

substrate components which serve different purposes in the microorganism, e.g. an 

energy source like glucose and a nitrogen source like ammonia is rather simple as 

illustrated by Nielsen et al. (1991a,b). However, modelling the sequential uptake of 

different substrates which serve the same purpose in a microorganism, e.g. glucose and 

lactose, is much more difficult. Sequential uptake of substrates in batch fermentations 

normally results in different exponential growth phases separated by lag phases where 

synthesis of enzymes necessary for metabolism of the "next" substrate is carried out. 

This is referred to as diauxic growth with two substrates (triauxic growth with three 

substrates etc.). A number of characteristics of microbial growth on sequential 

metabolised substrates are listed in the table below.
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Table 4-2, Basic characteristics of bacteria grown on multiple substrates: Ramkrishna et 
al. (1987)

1. Given multiple substrates, bacteria prefer to utilise the substrate on which they can grow the fastest, 

commonly resulting in a sequential utilisation of the substrates in batch cultures.

2. Sequential utilisation turn to simultaneous utilisation, even in batch cultures, when the carbon and 

energy sources are available in such high concentrations that some other nutrient source becomes rate- 

limiting.

3. Even during the simultaneous utilisation of multiple substrates, the total growth rate is never greater 

than the highest of the growth rates on each of the substrates.

4. While growing on a slower substrate, if a faster substrate is added to the culture, the growth on the 

slower substrate is quickly regulated through catabolite inhibition or repression of the enzymes involved.

5. In continuous bacterial cultures, multiple substrates are consumed simultaneously at slower dilution 

rates, and the faster growth-supporting substrate is consumed preferentially at high dilution rates.

The complex control mechanisms involved in the sequential uptake of related substrates 

have been the subject of an intense research effort by molecular biologists. Two 

modelling approaches have been employed to describe the mechanisms involved. One 

approach builds on the theoretical truths of mechanism (Harder and Roels, 1982), and 

the other approach is more empirical, known as cybernetic modelling (Ramkrishna, 

1982; Kompala et al., 1984; Ramkrishna et al., 1984; Kompala et a l ,  1986).

4.4.2.1 Cybernetic Models

Ramkrishna and co-workers developed a model concept which is especially suited to 

describe growth on multiple energy sources. Their cybernetic model approach is based 

on the hypothesis that while detailed modelling of regulatory processes is complicated, 

it may be possible to interpret the function of the cell as being guided by an “optimal 

allocation of resources” strategy (Ramkrishna, 1982; Ramkrishna et a l,  1984). Since 

there is no direct way of confirming “mental processes” in microorganisms, the 

cybernetic models should be accepted on the same basis as other simple structured 

models: they provide a reasonable model framework which can gradually be filled in 

with details of true biochemical significance.
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The basic idea of the cybernetic model is that one key enzyme plays a bottle-neck role in 

growth on a particular substrate, and this enzyme must be synthesised before growth can 

occur on that substrate. The reaction scheme for the growth process on each substrate 

can therefore be summarised by three reactions; formation of all biomass components 

except the enzyme, formation of the enzyme and degradation o f the enzyme. The 

kinetics for substrate assimilation and formation of enzyme is given by Monod type 

expressions, and degradation of enzyme is described by a first order reaction.

The production of the i'th enzyme cannot proceed without certain critical cellular 

resources which must be suitably allocated for different enzyme synthesis reactions. 

This feature is included in the kinetics through the cybernetic variable w„ which may be 

regarded as the fractional allocation of resources for the synthesis of the fth enzyme. 

Hence, it can be interpreted as a controller of the enzyme production.

The kinetics for substrate assimilation are determined by another cybernetic variable v,. 

This variable ensures that the growth primarily takes place on the best suited substrate, 

and it may be interpreted as a control mechanism at the enzyme level. It is not fully 

understood whether there are control mechanisms which work directly on the transport 

enzyme, but with the complex interactions between different intracellular pathways it is 

reasonable to include this control function in the model.

Kompala et al. (1986) give a detailed description of a cybernetic model as summarised 

below:

The assimilation of the ith substrate 5, by the biomass, X, is assumed to be catalysed by 

a key enzyme E,-, representing the whole set of enzymes catalysing the metabolic 

pathway for growth on So

X  + 5 , — >(l + l ' ) x + . . .

Eq. 4-13

The key enzyme E£, required for utilisation of 5,-, is produced in the presence St 

according to:
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X - ± - > E ,  + X

Eq. 4-14

The rate equations for these two reactions are written as:

Eq. 4-15

a ^ x  
rP =  tt

Eq. 4-16

where x  is the biomass concentration, s, is the concentration of substrate 5/, e, is the 

specific concentration of £, and a, is the enzyme synthesis rate constant.

When multiple substrates are present, the actual rate of enzyme synthesis may be written 

as:

The cybernetic variable Mt, represents the control actions of cellular regulatory 

mechanisms of catabolite repression and induction. Similarly, the mechanisms of 

catabolite inhibition and activation controlling the activity of the existing enzymes are 

represented with another cybernetic variable v,. Hence, the actual rate of substrate 

utilisation is written:

Eq. 4-17

Eq. 4-18
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And the total growth rate is expressed as:

dx
* = s ' r<v'

Eq. 4-19

The cybernetic variables are expressed as:

* So
Eq. 4-20

and

nv. =
' max(r )

j

Eq. 4-21

A major strength of the cybernetic models is that all the parameters can be estimated on 

the basis of experiments on the individual substrates, and thereafter the model enables 

the prediction of results from experiments with mixed substrates (Kompala et al., 1984; 

Kompala et al., 1986).

4.4.2.2 Mechanistic Modelling

Mechanistic models aim to model the very mechanism of a cellular process. One of the 

best studied systems involving diauxic growth is that of lactose uptake in E. coli (Harder 

and Roels, 1982). The mechanistic model developed for this process involved three 

genes coding for the enzymes necessary for lactose metabolism, and two regulatory sites 

upstream of the genes and their binding molecules.

In mechanistic models, every binding process is described by a separate reaction. Hence, 

the binding of the repressor protein to lactose and the operator in the lactose uptake 

model for E. co li, is described by four equations alone. Further, each reaction must be
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described by a reaction constant which must be determined in vivo. As a result, 

mechanistic models tend to have a large number of adjustable parameters. Thus, fitting 

the data to the model may be a problem.

Many industrially important microbial products are not formed as a direct consequence 

of the growth reactions. Among the major non-growth associated products formed by 

microorganisms are the many different antibiotics and industrially important enzymes. 

The synthesis of enzymes normally occurs under genetic control, and it is therefore 

possible to apply a mechanistic or cybernetic type model.

The cellular content of a gene to be expressed is not necessarily constant in recombinant 

microorganisms. In bacteria, the inserted gene is normally present in plasmids. The 

plasmids are replicated independently of the chromosomal DNA, and the ratio of the 

plasmid number to the chromosome number (the plasmid copy number) may therefore 

vary with the operating conditions. The plasmid is normally designed with a certain 

control mechanism, and in some cases one uses a replication control mechanism which 

enables induction of rapid plasmid replication, e.g. by the addition of chemical 

components or changing the temperature. This can then be modelled using a cybernetic 

or mechanistic approach.

With detailed knowledge of recombinant E. coli it has been possible to propose a 

mechanistic model for this organism. The largest contribution to the modelling of 

recombinant E. coli has been made in a series of papers from the group of J. E. Bailey. 

Lee and Bailey (1984a-d) describe very detailed modelling of both plasmid replication 

and protein synthesis. The modelling work of Lee and Bailey (1984a-d) has been used to 

study host-plasmid interactions and to explain experimental observations, caused by the 

many interactions present in recombinant organisms.

4.4.2.3 Single Cell Models

All the models previously described are based on the assumption of an equal 

distribution of cellular material to the daughter cells upon cell division, and the 

intracellular concentration of a component is therefore not affected by cell division. 

Furthermore, no special events in the cell cycle have been included in the models, and
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cell age is consequently of no importance. Therefore, the overall kinetics are completely 

defined by the composition of an average cell.

In single cell models, characteristic features of the individual cells are included, such as 

cell geometry and events during the cell cycle. Hence, single cell models are used to 

study microbial behaviour at a cellular level. However, the single cell models are 

mathematically complex as they have to incorporate not only mechanistic model 

features but also a population model, as the assumption of homogeneity in the cell 

composition cannot be applied.

A single cell model requires a detailed knowledge of the microorganism, and good 

single cell models are therefore only developed for well characterised species such as E. 

coli, B. subtilis and S. cerevisiae. A few attempts have been made to construct a general 

single cell model including all major intracellular pathways, however the proposed 

models tend to be very complex.

The most comprehensive single cell model is the so-called Cornell model, developed by 

Shuler and co-workers at Cornell University. The original model by Shuler et al. (1979) 

contained 14 components, and it formed the basis for a number of single cell models 

developed later (Domach et al., 1984; Peretti and Bailey, 1986; Peretti and Bailey

1987). The mathematical complexity of the Cornell model is considerable, and attempts 

to simplify the model have therefore been made. Palsson and Joshi (1987) and Joshi and 

Palsson (1988) carried out a careful examination of the relaxation times for the 

intracellular components in the Cornell model. They found that the model could be 

reduced to a much simpler three compartment model. The three compartment model is 

quite remarkable as it retains all important features of the complex model. The model is 

a very good alternative to the complete model, and it illustrates that even when different 

components are lumped into a few pools a good description of experimental data can be 

obtained. Their analysis of the Cornell model shows that application of simple 

structured models is reasonable for most situations.
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4.4.3 MORPHOLOGICALLY STRUCTURED MODELS

Both, in the unstructured and the structured models discussed above, it is assumed that 

all cells in the culture have the same metabolism. Hence, the cell population is assumed 

to be homogenous. This assumption is reasonable for most unicellular bacterial cultures 

(such as E. coli cultures), but for yeast and filamentous microorganisms cellular 

segregation in the culture may have a serious impact on the overall culture performance. 

There are differences in the cellular metabolism of mother and daughter cells in yeast 

cultures. In filamentous microorganisms, there are significant variations in the 

metabolism of the individual cells particularly in the multi-cellular structures, which 

make up the filaments. A recent morphologically structured model for filamentous 

organisms was published by Nielsen (1993). This model, he segregates the filaments 

into several classes with different metabolic tasks.

It is necessary to consider a morphological variation of the individual cells in order to 

describe the behaviour of these cultures mathematically. A metabolic model for each 

individual morphological form may be combined with a model for the population of 

morphological forms, i.e. a morphologically structured model.

A state vector Z can be introduced to represent the cellular population, where the 

element Zq represents both the name of the morphological form and its fractional 

concentration in the biomass. There are a total of Q morphological forms. Since the Q 

morphological forms have different intracellular compositions, intracellular state vectors 

for each morphological from must also be defined.

The introduction of morphological structure results in a two-dimensional structuring of 

the biomass, as illustrated Figure 4-3. When both intracellular and morphological 

structures are considered the mathematical complexity of the model becomes quite 

extensive. Hence, very few models of this kind are reported in the literature.

E.B. Daae, 1999 PhD Thesis Page 60



mainemancai moaeuing oj Diocnemicai rainways ivjuinernuitcui muueuing

CO

O)

In trace l lu lar  S tructure

Figure 4-3, Increasing complexity shown as a function of increasing intracellular and 

morphological structure.

The morphological form of a microbial cell is in principle determined by its intracellular 

composition. However, because of the generally vague distinction between a set of 

morphological forms, it becomes difficult to specify the exact composition, which 

characterises a given morphological form. Simple observations such as cell size, cell 

shape and cellular position in a filament are therefore often used to describe the various 

morphological forms.
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4.5 BIOCHEMICAL PA THWA Y MODELS

Biochemical pathways are well known for their complex non-linear behaviour. In 

principle, the behaviour of complex biological pathways can be related to the nature of 

their component parts and the relationships between them. However, it is difficult to 

formulate a valid mathematical description based upon the essential features of the 

interactions which is capable of handling large numbers of interactions considered in an 

integrated system.

There are some general difficulties associated with the modelling of complex non-linear 

systems:

1. The functional form of the non-linearities is often unknown, as are the number of interactions and 

parameters which must be specified.

2. Once a functional form has been assumed there is still difficulty in extracting statistical estimates of 

the parameter values from experimental data.

3. The amount of experimental data required to characterise many non-linear mechanisms increases 

exponentially with the dimensions of the problem.

4. General methods for analysing the resulting system of non-linear equations are not available.

There are successful biochemical pathway models, despite the above and their 

limitations in the often narrow areas of application. Below is an outline of some 

different approaches to biochemically structured models.

4.5.1 MODELS BASED ON ENZYME KINETICS

Michaelis Menton kinetics or other related forms of kinetic expressions provide a good 

approximation of in vitro enzyme reactions. Hence, enzymes occurring in biochemical 

pathways are sometimes isolated and studied in order to describe their behaviour using 

such kinetic expressions. The kinetic equations are often complicated with an extensive 

list of parameters, which makes it very labour intensive to obtain all the necessary 

information. Further, there are two more problems associated with this approach. Firstly, 

under physiological conditions enzymes are not isolated and many more factors are 

likely to affect the enzyme or enzymes in question. Secondly, Michaelis Menton kinetics 

or similar expressions do not produce a systematically structured approach required for
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efficient analysis of complex systems. This makes the approach unsuited for describing 

large metabolic systems. Never the less kinetic expressions are well suited for the 

investigation of shorter pathways.

One example of a successful investigation of a shorter metabolic pathway using enzyme 

kinetics is the kinetic model of Cephalosporin production in Streptomyces clavuligerus 

developed by Malmberg and Hu (1991, 1992). This model considered five reactions and 

simulation results agreed well with experimental data. Sensitivity analysis of the model 

suggested a rate limiting step in the pathway and based on this, the team was able to 

make some decisions as to which enzymes that should be overexpressed to enhance 

productivity.

Another pathway which has been investigated using a kinetic model is the glycolytic 

pathway in yeast with particular emphasis on glucose uptake (Cortassa and Aon, 1994; 

Rizzi et al., 1996). In the Cortassa and Aon model, the kinetic model was used as a basis 

for metabolic control analysis (method described above). The model predicted that 

glucose uptake was the main rate controlling step in the pathway. The Rizzi model was 

developed to illustrate a physiological mechanism in addition to predicting the 

glycolytic flux.

4.5.2 METABOLIC CONTROL ANALYSIS

In the 1960’s a new semi-linear approach to modelling biochemical systems started to 

form. The approach has become known as Metabolic Control Analysis (MCA) and 

emerged from the work of Higgins (1965), Kacser and Bums (1973) and Heinrich and 

Rapoport (1974). These and subsequent workers analysed metabolic processes based on 

the so-called control and elasticity coefficients and relations derived from them.

It has been suggested that determining the effect of changing a parameter on a response 

is essential to the understanding and evaluation of a metabolic system (Higgins, 1965; 

Kacser and Bums, 1973; Heinrich and Rapoport, 1974). If a complete mathematical 

model for the system was available, this could be evaluated analytically for simple 

models or numerically for complex systems. However, complete and accurate models
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are often not available. MCA can be used in conjunction with dynamic kinetic models, 

but was it was originally developed to solve the problem without the aid of complete 

models. MCA is a tool for describing metabolic behaviour around an operating point.

The structure of the metabolic system is represented by its stoichiometry. Although 

metabolic maps provide no kinetic information, a proper stoichiometric representation is 

essential to the application of MCA.

The distinction between variables and parameters is o f fundamental importance to the 

analysis. Parameters are quantities, which can change independently, and they typically 

remain constant during the evolution of the system towards its steady state. Examples 

include kinetic constants, enzyme concentrations and external inhibitors. Variables are 

quantities determined by the system and they are time-dependent before reaching their 

respective steady states. Examples include metabolite concentrations and rates of  

reaction.
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Figure 4-4, Saccharomyces cerevisiae anaerobic glycolysis

Figure 4-4 shows a diagram of the anaerobic pathway of Saccharomyces cerevisiae from 

glucose to ethanol, glycerol and polysaccharides. In Figure 4-5 the same pathway is 

shown using MCA nomenclature. The Q’s and E ’s are parameters of the system and the 

X ’s are variables of the system.

E.B. Daae, 1999 PhD Thesis Page 65



i r ju in c r n u u is L i i  i v n / u c u u i g  u j  v iu i ,r ie r r u i . i i . i  i  u u t r v u ^ j

O

o

r  ▼

*1

X,

2X,

2X

2X

2XC

2X4 .• . V

2X

*5 X6

~ ^ T ----------- ► o 2
t e

----*  2Q 3
7

© 2V

J8

Figure 4-5, Saccharomyces cerevisiae anaerobic glycolysis, MCA nomenclature

MCA has primarily been concerned with the description of metabolic regulation at a 

steady state, quantifying how changes in parameters modify the steady state responses of 

variables

To determine how a steady state response is affected by changes in parameters, MCA 

relies on two types of dimensionless coefficients: elasticity and control coefficients. The 

elasticity and control coefficients are defined in terms of quantities evaluated at the 

steady state. As such, they are local coefficients, in the sense that they are strictly valid 

for very small changes near the operating point.
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The elasticity coefficients have been defined as follows:

c v, _ x i  _  <?lnv ,
Xj vf dxj d  In Xj

Eq. 4-22

Where v is the rate of reaction and x  is a variable that modifies the rate. This elasticity 

coefficient quantifies enzyme activity modulated by metabolites, or enzyme expression 

levels, a common concern in enzyme regulation.

The terms above are evaluated at a steady state. If an analytical expression for the 

reaction rate is available, the coefficients can be obtained by taking the partial derivative 

of the rate expression with respect to the variable or parameter of interest and then 

evaluating the steady state conditions. If no rate expression is available, the elasticities 

can also be obtained experimentally, but this requires very stable and controllable 

conditions, which is hardly possible in an in vivo environment.

There are two types of control coefficients; the flux control coefficient

c j _  P d J  _ d \ n J  
F ~ J  d P  ~ d \ a P

Eq. 4-23

where P  is the independent parameter or a reaction rate that modifies the steady state 

flux, J  through the pathway;

and the concentration control coefficient.

c x _  p  d X  _ d \ n X  
f  ~ X  d P  ~ (?lnP

Eq. 4-24

where X is the steady state concentration of a metabolite.
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The control coefficients in MCA enable characterisation of the system at a steady state, 

identifying elements, which are most important for the steady state behaviour. A control 

coefficient with a value greater than 1 implies amplification of the original signal; a 

value less than 1 indicates attenuation. A positive sign indicates that the response of the 

system is in the same direction as the change in the independent variable, while a 

negative sign indicates that the change is in the opposite direction. Further, the exact 

value of any coefficient is unimportant, it is the relative value in comparison to the rest 

of the coefficients from the analysis which is of interest. Therefore, the control 

coefficients are most important in identifying a possible rate controlling step in a given 

pathway.

Certain mathematical relationships exist between the elasticity, response and control 

coefficients. These relationships are useful in calculating the control coefficients from 

elasticity and response coefficients, and they serve as consistency tests when the 

coefficients are determined independently.

The best known theorems from MCA are the summation and connectivity theorems 

(Kacser and Bums, 1973; Heinrich and Rapoport, 1974). These theorems were 

originally derived for control coefficients where P was an enzyme concentration, under 

the assumptions that the enzymes act independently and that their activities are 

proportional to their concentrations. However, these assumptions can be relaxed by 

using control coefficients where P is a system flux, v. The summation theorem for the 

flux control coefficients reads:

X c jVi = 1
j=i

Eq. 4-25

,where J is the steady state flux through the pathway and v, is the flux through reaction i 

in the same pathway (this can also be represented by the relative enzyme expression 

levels). It can be shown that this equation is valid for any pathway stoichiometry (Reder, 

1988) as long as no spatial variations exist. Note that all of the rate processes are 

included, including all non-enzymatic processes. The only restriction is that the system 

must be able to reach an asymptotically stable steady or quasi steady state.
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For the metabolite concentration control coefficients, the summation theorem is:

K ' = °  •/ = 1 ....m
i=1

Eq. 4-26

where Oj is the steady state concentration of metabolite Xj. This equation is subject to 

the same restrictions as the one for the steady state flux control coefficient.

The connectivity theorems relate the elasticities to the control coefficients. For the flux 

and metabolite concentration control coefficients, the theorem reads:

E c v> ; ; = 0  j  = .1...... m
«=1

Eq. 4-27

and

;•* = ! rn
i=1

Eq. 4-28

where <5̂  = 1 if k = j  and <5̂  = 0 otherwise. As opposed to the summation theorems, the 

connectivity theorems depend on the kinetic expressions throughout the elasticities.

For unbranched pathways the summation and connectivity theorems allow the direct 

calculation of the control coefficients by solving a system of linear algebraic equations.

Methods for determining elasticity and control coefficients from the above theorems are 

described by Delgado and Liao (1991); Delgado and Liao (1992a,b); Delgado et a l  

(1993), Cascante et a l  (1995) and Nielsen and Jprgensen (1995). The theory of MCA 

have also often been revisited by the original founders of the theory and other supporters 

for its use (Heinrich and Reder, 1991; Fell, 1992; Fell and Thomas, 1995; Kacser, 1995; 

Kacser etal. ,  1995).
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4.5.3 BIOCHEMICAL SYSTEMS THEORY

Biochemical Systems Theory (BST) is built around the power-law formalism. The 

approach is a compromise between linear and non-linear modelling, retaining many of 

the advantages of linear analysis without its severe limitations. Its roots are found in 

chemical and biochemical kinetics, organismal biology and network theory. It has 

generally been developed by Savageau and co-workers (Savageau, 1970; Savageau and 

Voit, 1982; Voit and Savageau, 1982a-b; Savageau, 1990).
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Figure 4-6, Saccharomyces cerevisiae anaerobic glycolysis, BST nomenclature

Figure 4-6 illustrates the BST nomenclature for the anaerobic pathway from glucose to 

ethanol, glycerol and polysaccharides in Saccharomyces cerevisiae. The X ’s in italic 

normal print are considered independent variables of the system and the X ’s in bold 

print are considered dependent variables of the system.

E.B. Daae. 1999 PhD Thesis Page 70



BST method is built around a rate-law approach and all functional relationships are 

represented by the first two terms of a Taylor series in a logarithmic co-ordinate system.

When plotted in logarithmic co-ordinates, the data might appear as shown in Figure 4-7. 

An appropriate linear regression gives the best straight line passing through the nominal 

operating point tangent to the experimentally-determined curve. The equation of this 

straight line is given by:

logv; = logo ,, + g v log X j

Eq. 4-29

where Vt- is the flux through reaction i and Xj is the concentration o f compound j  

affecting reaction i.

10

1

0.1
100.1 1

X/X o

Figure 4-7, Log-log plot of normalised concentrations versus normalised fluxes as done 

for BST.

The slope gij corresponds to the conventional kinetic order and the intercept a t to the 

conventional rate constant of chemical and biochemical kinetics. When this equation is 

converted to Cartesian co-ordinates by exponentiation, one obtains the power-law 

representation:
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Eq. 4-30

In general, there are several variables affecting any given process, and the above 

procedure must be repeated for each of them, resulting in the following equation:

Because the approximation is non-linear, the range of validity is greater than for linear 

approximations.

There are a number of BST variants (Savageau, 1990), only the S-system variant will be 

discussed here.

In BST, individual reactions are defined as Vy to indicate the rate of transformation of X, 

into X j. In the S-system representation of BST V*,- is defined as the net rate of synthesis 

of Xi and Vi is the net rate of degradation of X,. The net rate of synthesis and 

degradation is obtained from aggregating the rates from the relevant steps. Hence, in the 

S-system representation, the mass balance o f a given internal metabolite is always given 

by the difference between V*, and V",.

In BST, the rate laws are explicitly described. In the S-variant the rate laws are written 

as an appropriate product of power law functions. For a system consisting of n 

dependent and m independent variables, these rate laws are written:

Eq. 4-31

n+m

Eq. 4-32
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The change o f concentration for a given metabolite then becomes:

,/Y  n+m n+m
-  v - = a , n x  n x ;at j=i j=\

Eq. 4-33

The exponential parameters in each power term are referred to as kinetic orders. The 

kinetic orders are defined as:

Jo

%  ' Jô

V i +v *° J

= 8ij x ,
= h:

Eq. 4-34

where the subscript 0  indicates evaluation at a given steady state. In each case the first

subscript i, is associated with the corresponding V, and the second subscript y, is

associated with the variable Xj that modulates the process. The rate constants are defined 

as:

n+m n+m

« , = v : n x T ’ p . = v r n x " ”
j=  1 7=1

Eq. 4-35

The S-system representation makes it possible to obtain an explicit solution for the 

steady state equations and investigate the stability of the steady state (Curto et a l ,  

1995). The corresponding S-system equations are obtained by defining a power law 

representation for each of the aggregated fluxes V*,- and V",-. At steady state the 

equals V“„ and dX/dt equals to zero. Hence, the system of equations can be solved to 

gain an explicit solution of the metabolite concentrations at steady state.

In BST, as in MCA, the basic steady state characterisation of the system is expressed by 

means of normalised logarithmic derivations of a dependent variable with respect to an 

independent variable. In BST these values are called logarithmic gains. Logarithmic 

gains are computed from the kinetic orders of dependent and independent variables 

using matrix algebra.
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Steady state analysis by means of control coefficients or logarithmic gains indicates 

which steps that have a significant effect on the pathway flux. It also demonstrates the 

relative importance of different enzymes in determining the metabolite concentrations 

and outlines which regulatory mechanism is the most important at a given physiological 

condition. However, the quality of the model and the range of validity of the analysis 

cannot be explored.

BST and MCA basically yield the same results when used for steady state 

characterisation. However, BST provides tools for the analysis o f at least three extra 

features not considered by MCA. Theses features are local stability, parameter 

sensitivity and dynamic behaviour Sorribas et a l  (1995).

4.5.4 METABOLIC FLUX ANALYSIS MODELS

Metabolic Flux Analysis (MFA) models are true linear models. As such they also have a 

number of associated limitations as mentioned above. However, they can generally take 

into account much larger biochemical systems than any competing method. Metabolic 

pathways describing 50 reactions or more can with ease be modelled using MFA 

methods. Attempting to model the same large network in a kinetic model would almost 

certainly be impossible. Not only is it unlikely that so much kinetic information would 

be available, but it would also require computer power on a level not generally 

available.

It is recognised that metabolic fluxes are key variables, which must be determined in 

order to understand metabolic regulation and flux patterns. However, the direct 

measurement of internal metabolic fluxes is complicated. Alternatively, the analysis of 

the stoichiometry of the metabolic pathways can provide significant information on 

cellular metabolism and the overall distribution of carbon flow among various metabolic 

reactions. Provided the metabolic routes of the pathway are known, and data on the 

carbon inputs and outputs can be obtained, the internal metabolic fluxes (mmol/g/hr) 

may be calculated using linear algebra methods.
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In MFA studies, a quasi steady state of the biochemical pathway being investigated is 

assumed. This quasi steady state assumes that the intermediate metabolite 

concentrations are constant at all times. The steady state balance equation is given by:

S -v = b

Eq. 4-36

where S is the stoichiometric matrix of the metabolic network, v is the vector of reaction 

fluxes and b is the net accumulation rate vector. For all the internal metabolites the 

value of b will be zero, as no accumulation is taking place. The mathematical methods 

involved are covered in more detail in chapters 8  to 1 0 .

MFA is most commonly used to investigate central metabolic pathways of bacterial 

metabolism. This is due to the fact that the inputs and outputs of this system are readily 

obtainable. The inputs are defined as the substrate fluxes into the system, and the 

outputs are defined as and metabolic products and biomass precursor monomers leaving 

the pathway to be incorporated into new cell material.

MFA techniques can be used to investigate metabolic control and flux patterns in a 

number of ways. The most common approach is to measure enough inputs and outputs 

of a system to be able to use a fully determined matrix system in order to calculate the 

internal fluxes. However MFA studies can also be carried out using optimisation criteria 

where the inputs and outputs o f the system have not been fully defined (Savinell and 

Palsson, 1992a,b; Varma and Palsson, 1995).

A good example of a fully determined MFA study is the one carried out by Jdrgensen et 

al. (1995). The group developed a metabolic MFA model for Penicillium chrysogenum 

during fed-batch cultivations. The stoichiometric model considered 61 internal fluxes 

and 49 intracellular metabolites. In addition, the model considered the uptake of 21 

amino acids. Uptake rates of various substrates and the synthesis rates of RNA/DNA, 

protein, lipid, carbohydrate and amino carbohydrate during fed-batch cultivation were 

measured. From these measurements and the stoichiometric model the metabolic fluxes 

where calculated. Calculation showed that penicillin formation was accompanied by a
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large flux through the pentose phosphate pathway due to a large requirement for 

NADPH used in the biosynthesis of cystein, a precursor of penicillin.

MFA modelling can be optimised subject to certain constraints, to explain certain 

physiological phenomenon. In constrained optimisation, certain values in the v vector 

are fixed or maximised. For constrained optimisation calculations a fully determined 

matrix system is not required. Majewski and Domach (1990) developed a MFA model 

based on simple constrained optimisation view of acetate overflow in E. coli. The 

problem was formulated in terms of a network flow that has as its objective to maximise 

ATP synthesis. It was found that switching to acetate overflow could be predicted when 

loads were imposed and flux constraints existed either at the level of NADH turnover 

rate or the activity of a key TCA cycle enzyme. These results correlated well with 

experimental results showing that aerobic production of acetate by E. coli commenced 

after a critical growth rate had been exceeded. Other MFA models with constraints 

showed similar results (Ko et al., 1993 and Ko et al.} 1994). This gives credibility to the 

modelling technique.

MFA studies may aid in the investigation of metabolic networks, identifying which 

metabolic pathways are present in the organism under investigation. Lysine production 

in Corynebacterium glutamicum  has been extensively studied using MFA techniques. 

Vallino and Stephanopoulos (1993, 1996a,b) studied this system using MFA techniques, 

fermentation studies and intracellular assays. They found that the glyoxylate shunt was 

inactive and that the only anaplerotic reaction expressed in C. glutamicum cultivated on 

glucose minimal media was via phosphoenolpyruvate carboxylase (PPC). The pentose 

phosphate pathway was also found to support significant fluxes.

Finding the limits of substrate-to-product conversion is a definite goal in metabolic 

engineering. MFA studies can aid in the identification of maximum possible product 

yields. Varma et al. (1993) used a flux balance approach to study the biosynthesis of 20 

amino acids and 4 nucleotides as biochemical products in E. coli. Growth was defined 

as a balanced drain on the metabolite pools corresponding to the cellular composition. 

Activities such as gradient maintenance, regulatory functions and protein turnover were 

accounted for by including a maintenance energy loss in the metabolic network. Optimal 

biomass generation was shown to decrease in a linear manner with increasing product
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formation. In some cases, synergy between biochemical production and growth was 

observed, leading to an increased overall carbon conversion.

The recognition of metabolic bottlenecks is also important in metabolic engineering. 

Again, MFA studies can be used with good results. Goel et a l  (1993) investigated the 

glycolytic and TCA cycle fluxes in Bacillus subtilis. It was found that the TCA flux was 

significantly lower compared to the glycolytic activity in batch cultures. Hence, a 

possible metabolic bottleneck was identified.

Quantitative prediction of metabolic by-product secretion can also be obtained from 

MFA models. Varma and Palsson (1994) determined various strain specific parameters 

of wild type E. coli, including maximum oxygen utilisation rate, maximum aerobic and 

anaerobic glucose utilisation rate, non-growth associated maintenance requirements and 

growth associated maintenance requirements. The flux balance models specified by 

these parameters were found to quantitatively predict glucose and oxygen uptake rates 

as well as acetate secretion rates observed in chemostat experiments. The model 

predictions were further shown to be consistent with stoichiometrically optimal pathway 

utilisation as verified by experiments.

As can be appreciated from the examples described above, MFA is an extremely useful 

approach when the system of investigation is large and kinetic information is 

unavailable for all or many of the reactions. It is probably the best available approach to 

take if attempting to understand key features of metabolic physiology. An established 

model can serve as a virtual research tool for investigating feeding strategies, 

introduction of new pathways or “deletion” of existing pathways.
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5. MATERIALS AND METHODS

5.1 PREPARATION OF SPORES

The bacterial strain used in the study was S. lividans TK24. Spore preparations where 

made from S. lividans cultures grown for 9 days on agar plates with minimal media 

agar; K2 SO4 , 0.25 g/L, MgC^ • 6 H2O, 0.12 g/L, glucose, 10.00 g/L, casamino acids, 

0.10 g/L, yeast extract, 5.00 g/L, TES buffer, 5.73 g/L, trace elements solution, 2.00 

ml/L, agar, 22.00 g/L, After sterilisation supplemented with: KH2PO4 , 0.5 % (0.1 g/ 20 

ml), 10.00 ml/L, CaCl2  • 2H2 0 , 5M (14.7 g/20 ml), 4.00 ml/L, L-proline, 20 % (4 g/20 

ml), 15.00 ml/L, NaOH, 1M, 7.00 ml/L. The harvested spores were stored in 20% 

glycerol at -70°C. The salts, glycerol and glucose were obtained from BDH (Poole, UK), 

the casamino acids and agar from Difco Laboratories (Detroit, USA), the yeast extract 

from Beta Lab (East Mosley, UK), and the TES buffer and L-proline from Sigma (St. 

Louis, USA).

5.2 FERMENT A TION SEED CULTURES

Inoculation seeds for the fermentations were grown in 2.0 L baffled shake flasks with 

springs, containing 0.5 L of defined media. The media used in the seed cultures was the 

same as the media used in the 20 L fermentations. The seed cultures were inoculated 

with 1.0 ml of spore preparation per flask. The seed cultures where then incubated at 

250 rpm for 48 hrs in an orbital shaker at 28°C.

5.3 FERMENTATIONS

The fermentations were carried out in a 20 L LH glass fermenters with 4 stainless steel 

baffles agitated by three Rushton turbines mounted on a top driven stainless steel shaft. 

The fermenters were sterilised at a temperature of 121 °C and pressure of 1.0 bar for 20 

minutes with 13.5 L of Modified Streptomyces Minimal Media (MSMM); NaH2P0 4  • 

H 20 ,  2.17 g/L, K2HPO4 • 3H20 , 3.6 g/L, M gS0 4  • 7H 20 ,  0.6 g/L, F eS 0 4  • 7H2 0 , 0.01 

g/L, (A) L-aspartic acid monosodium salt :hydrate, 2.60 g/L, or (B) L-valine, 1.76 g/L, 

or (C) L-alanine, 2.12 g/L, glucose, 5.0 g/L, trace elements solution, 2.0 ml/L, vitamins,
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1.0 ml/L, 10 % CaC12, 1.0 ml/L. The trace elements solution was composed of; ZnCl2, 

40 mg/L, FeCl3 • 6H20 ,  200 mg/L, CaCl2 • 2H20 ,  10 mg/L, MnCl2 • 4H20 ,  10 mg/L, 

Na2B4 0 7 , 10 mg/L, (NH4 )6Mo7 0 2 4  • 4H20 ,  10 mg/L. The vitamins was composed of; 

riboflavin, 100 mg/100 ml, nicotinamide, 100 mg/100 ml, PABA, 10 mg/100 ml, 

pyridoxine HC1, 50 mg/100 ml, thiamine, 50 mg/100 ml, biotin, 20 mg/100 ml. When 

the fermenter vessel had cooled down to 28°C, it was inoculated with 1.5 L of the seed 

culture. Hence, bringing the fermenter working volume up to 15 L, 75 % of the total 

volume. The temperature was kept constant at 28°C and the pH was controlled at pH 6.8 

using 4.0 M potassium hydroxide and 85% orthophosphoric acid. The salts, potassium 

hydroxide, orthophosphoric acid and glucose were obtained from BDH (Poole, UK) and 

the L-aspartate, L-valine, L-alanine and vitamins from Sigma (St. Louis, USA).

The fermenters were sampled at regular intervals three to four times during the day. 

Each sample consisted of four universals amounting to approximately 100 ml of culture 

broth. The first universal was discarded and the rest were kept for analysis. The 

universals kept for analysis where put directly on ice. 20 to 30 ml of the sampled culture 

broth was used for dry cell weight measurements, the remaining supernatant and 

approximately 1.0 ml of concentrated biomass was frozen for further analysis.

5.4 DRY CELL WEIGHTS

Straight after the samples where taken from the fermenter and put on ice, 10.0 ml of 

well mixed culture sample was suction filtered through a pre-dried and pre-weight 0.2 

pm filter (Millipore, Watford, UK). The biomass collected on the filters was 

subsequently washed with 5.0 ml of distilled water. Then the filter was dried at 80 °C 

using a Halogen Moisture Analyser HG53 (Mettler Toledo, Leicester, UK). Once the 

filter was dry, it was weight and the biomass concentration of the culture sample was 

calculated. This procedure was repeated once or twice for each sample.
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5.5 MEASURING NUTRIENT AND ORGANIC ACID 

CONCENTRATIONS IN THE MEDIA

High performance liquid chromatography (HPLC) was used to identify and measure the 

concentrations of medium components. The HPLC analyses were performed using a 

System Gold Chromatographic system (Beckman Instruments Inc., California, USA) 

where control and data logging was automatic. All HPLC samples were prepared from 

supernatant filtered through disposable 0.2 pm pore PTFE syringe filters (Phenomenex 

UK Ltd., Macclesfield, UK) and transferred to 1.5 ml resealable HPLC glass sample 

bottles. The mobile phase solutions were filtered through a grade 5 qualitative cellulose 

filter paper, 2.5 pm pore (Whatman Ltd., Maidstone, UK ) and degassed with helium 

immediately before use.

An Aminex HPX-37H cation exchange column (Bio-Rad Laboratories Ltd., Hemel 

Hempstead, UK) was used to separate organic acids and glucose. The column 

dimensions were 300x7.8 mm. The column was also protected by a cation H* guard 

column (Bio-Rad Laboratories Ltd., Hemel Hempstead, UK). Samples of 0.02 ml were 

loaded on to the column and eluted with 5 mM sulphuric acid (BDH AnalaR; HPLC- 

grade water) at a flow rate of 0.6 ml/min. The column was kept at 50 °C by a column 

heater. Organic acids were detected by an ultraviolet detector at 210 nm and glucose 

was detected by a refractive index detector.

Standard curves, plotting peak area against concentration for glucose, pyruvate and a- 

ketoglutarate can be seen in Figure 5-1 to Figure 5-3.
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Figure 5-1, Glucose HPLC standard for Rl detection (y = 0.99x, R2= 1.00).
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Figure 5-2, Pyruvate HPLC standard for UV detection (y = 18.00x, R2= 1.00).

3 0 0  T

2 5 0  -

200  -

™ 1 5 0  -

100 -

5 0  -

0 1 2  3  4  5  6  7  8  9  10  11 12

a-Ketoglutarate concentration (mM)

Figure 5-3, a-Ketoglutarate HPLC standard for UV detection (y = 28.38x, R2= 1.00).
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An Ultrasphere ODS C18 analytical reversed phase column (Beckman Instruments Inc., 

California, USA) was used detect and measure amino acid concentrations in the 

supernatant. The column dimensions were 250x4.6 mm. The column was protected by a 

45x4.6 mm column containing the same packing material (Beckman Instruments Inc., 

California, USA). Samples of 0.01 ml were loaded onto the column and eluted with 

95:5 % mixture of HPLC-grade water and HPLC-grade methanol (BDH HiPerSolv, 

Poole, UK) respectively. Both eluents contained 0.05 % orthophosphoric acid (BDH 

HiPerSolv, Poole, UK). The column was kept at room temperature and the amino acids 

were detected by an ultraviolet detector at 210 nm.

Standard curves, plotting peak area against concentration for aspartate, valine and 

alanine can be seen in Figure 5-4 to Figure 5-6.
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Figure 5-4, Aspartate HPLC standard for UV detection (y = 1.31x, R2= 1.00).
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Figure 5-5, Valine HPLC standard for UV detection (y = 0.98x, R2= 1.00).
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Figure 5-6, Alanine HPLC standard for UV detection (y = 0.71 x, R2= 1.00).

5.6 OFF-GAS MONITORING

The oxygen utilisation and carbon evolution rates of the fermentations were monitored 

and recorded automatically by a mass-spectrophotometer (MM-80 VG Gas Analysis 

System).
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6. FERMENTATIONS

Three fermentations with Streptomyces lividans TK24 were carried out in defined 

media. They were all carried out for the purpose of collecting data for flux analysis and 

the media compositions were chosen to be of a similar nature to that used in an acid 

secretion study carried out by Madden et a l  (1996). In common to all the media was the 

starting concentration of glucose and the presence of one amino acid. (See chapter 5 for 

further details.)

A short summary of the results from these fermentations are given here to provide a 

basis for the mathematical analysis described in chapter 9 and 10.

6.1 SUMMARY

All three fermentations contained the same amount of glucose, salts and minerals, and 

were carried out under the same physiological conditions. They differed in the amino 

acid supplied.

The two fermentations supplied with valine or alanine wasted about 10% of the carbon 

on acid secretion. The fermentation supplied with aspartate only wasted about 2% on 

acid secretion.

The overall carbon and nitrogen balances for all three fermentations were found to be 

satisfactory. However, discrepancies were found between some individual time points. 

This data inaccuracy makes it very difficult to carry out a standard flux analysis, and 

more thorough methods are needed.

6.2 ASPARTATE & GLUCOSE FERMENTATION

Aspartate and glucose fermentation was carried out in a 20 L fermenter with 

Streptomyces lividans TK24. The media was MSMM3 (A) with monosodium aspartate 

as described in chapter 5.
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According to HPLC measurements at the start of the fermentation, the C:N ratio was

13.3 and the aspartate to glucose molar ratio was 0.64. The total carbon available in the 

medium was 194 mM. After 40.5 hours the average specific growth rate was 0.046 hr'1 

and the biomass concentration was 2.63 g/L. At this point the aspartate and glucose had 

ran out. The biomass, glucose and aspartate concentrations are plotted in Figure 6-1. 

The organic acid concentrations are plotted in Figure 6-2 and the carbon evolution and 

the oxygen utilisation rates are plotted in Figure 6-3.
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Figure 6-1, Biomass, glucose and aspartate concentrations in the aspartate and glucose 

fermentation.
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Figure 6-2, Organic acid concentrations in the aspartate and glucose fermentation.

E.B. Daae, 1999 PhD Thesis Page 86



6

5
X ,

X

Time (hrs)

70

-2

-  Carbon Evolution Rate X  Oxygen Utilisation Rate

Figure 6-3, Carbon evolution rate and oxygen utilisation rate in the aspartate and glucose 

fermentation.

The aspartate and glucose fermentation had the highest C:N ratio o f  the three 

fermentations investigated. It also had the highest glucose to amino acid ratio, but the 

lowest overall carbon content. Despite the high C:N and glucose:amino acid ratios, this 

fermentation produced the least acids.

As can be seen in Figure 6-3 the oxygen utilisation rate was negative at the start of the 

fermentation. This was due to a calibration problem, resulting in oxygen utilisation rates 

recorded at vales approximately 1.0 mmol/L/hr to low. These values were therefore 

adjusted accordingly for flux analysis purposes. The carbon evolution rate was quite low 

for this fermentation compared to the other two, but as the overall carbon mass balance 

accounted for all the carbon it was assumed to be correct.

The m aximum pyruvate concentration was 0.47 mM  at 17.5 hours and the maximum a -  

ketoglutarate concentration was 0.96 mM  at 40.5 hours (coinciding with the maximum 

biomass concentration). The pyruvate was produced early on in the culture and quickly 

reassimilated, whereas the a-ketoglutarate was produced throughout the active growth 

phase and only reassimilated as the biomass entered the declining phase.
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Out of the 194 mM carbon available at the start o f the culture, about 100 went into 

biomass and about 90 mM was lost in respiration. Less than 2 % was excreted as 

organic acids. Hence, the overall carbon balance was correct. The overall nitrogen 

balance was also found to be satisfactory. However, some of the individual nitrogen 

mass balances at the early time intervals did not balance. The increase in biomass 

between 16.5 and 17.5 hours was for example not reflected in the aspartate uptake. 

Hence, the amount of nitrogen thought to be required for the biomass generation was 

not available. This discrepancy may have been due to inaccurate biomass measurements, 

but there is also a possibility that some ammonia might have been present in the culture 

media. Hence, the cells could have utilised ammonia for part o f their nitrogen demand. 

Since ammonia was not part of the initial media composition, assays for this compound 

was not carried out.

6.3 VALINE & GLUCOSE FERMENTATION

The valine and glucose fermentation was carried out in a 20 L fermenter with 

Streptomyces lividans TK24. The media was MSMM3 (B) with valine as described in 

chapter 5.

According to HPLC measurements at the start of the fermentation, the C:N ratio was 12 

and the valine to glucose molar ratio was 0.82. The total carbon available in the medium 

was 242 mM. The average specific growth rate was 0.034 hr"1 and the biomass reached 

its peak at 1.75 g/L after 49.5 hours. At this point the valine and glucose had ran out. 

The biomass, glucose and valine concentrations are plotted in Figure 6-4. The organic 

acid concentrations are plotted in Figure 6-5 and the carbon evolution and the oxygen 

utilisation rates are plotted in Figure 6-6.
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Figure 6-4, Biomass, glucose and valine concentrations in the valine and glucose 

fermentation.
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Figure 6-5, Organic acid concentrations in the valine and glucose fermentation.
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Figure 6-6, Carbon evolution rate and oxygen utilisation rate in the valine and glucose 

fermentation.

The m aximum pyruvate concentration present in the culture broth was 6.15 mM at 47.5 

hours and the maximum a-ketoglutarate concentration was 2.18 mM at 48.5 hours. Both 

these are close to the point were the biomass reached its maximum concentration, at 

49.5 hours. Both acids were produced at a steady rate throughout the active growth 

phase. Pyruvate was reassimilated as the biomass entered the declining phase, a-  

Ketoglutarate remained at a steady concentration. Only a slight decline was observed.

Out of the 242 mM carbon available at the start o f  the culture, about 70 mM  went into 

biomass, 150 mM  was lost in respiration and about 25 m M  (~ 10 %)  was lost in acid 

production. Hence, the overall carbon balance was correct. The overall nitrogen balance 

was also found to be satisfactory. However, some of the carbon and nitrogen mass 

balances for intermediate time intervals did not balance. The high assimilation of valine 

between 0 and 31.5 hours was for example not reflected in the accumulating biomass. 

The secreted acids and carbon evolution rate could not account for the extra carbon and 

nitrogen apparently being metabolised. The discrepancy may have been due to 

inaccurate biomass measurements, but there is also a possibility that ammonia and an 

unknown carbon metabolite could have been secreted to the culture media. If this was 

the case, both the compounds would not only have been secreted but they would also 

have been reassimilated after 31.5 hours.



During the HPLC analysis, using the Aminex Column, three unknown metabolites were 

detected in the culture medium. Two were detected on the RI detector and the third was 

detected on the UV detector. The first metabolite on the RI detector had an approximate 

retention time of 8 . 6  minutes and was seen to accumulate throughout the fermentation. 

The second metabolite detected on the RI had an approximate retention time of 9.2 

minutes and the peak area of this unknown metabolite was linearly proportional to that 

of the glucose peak. Hence, it was being assimilated throughout the fermentation. The 

metabolite observed on the UV detector had an approximate retention time of 10 

minutes and followed much the same pattern of accumulation as excreted pyruvate, 

being accumulated up until the peak of the culture and then reassimilated. This 

metabolite may have been the secreted carbon metabolite, accounting for the excess 

carbon in the assimilated valine. Attempts were made to identify the metabolite. Citrate 

secreted in other Streptomyces cultures (Dekleva and Strohl, 1987), was investigated as 

one of the alternatives, but it soon became apartment that the residence time for citrate is 

widely deferent to that of the unknown metabolite. Another possible candidate for the 

unknown metabolite is 2 -ketoi so valeric acid, which is essentially valine without 

ammonia. Excretion of 2-ketoisovaleric acid (KTV) was demonstrated in Streptomyces 

cinnamonensis mutants (Tang and Hutchinson, 1995). Valine dehydrogenase and 

acetohydroxyacid synthase were highly active in these strains, revealing the deregulation 

of the valine-synthesizing pathway, which resulted in KTV secretion. Concentrations as 

high as 170-230 mg/1 of KTV were detected in the culture medium. The two unknown 

metabolites detected on the RI detector could not be identified as any major carbon 

compounds and were therefore assumed to be of little importance. This was also 

supported by the carbon mass balance, where all the carbon was accounted for in known 

and quantified compounds.

Further, the valine and glucose fermentation had the lowest maximum biomass 

concentration of the three fermentations. However, the maximum acid concentration 

was only slightly lower than that of the alanine and glucose fermentation.
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6.4 ALANINE & GLUCOSE FERMENTATION

The alanine and glucose fermentation was carried out in a 20 L fermenter with 

Streptomyces lividans TK24. The media was MSMM4 (C) with alanine as described in 

chapter 5.

According to HPLC measurements at the start of the fermentation, the C:N ratio was 9.3 

and the alanine to glucose molar ratio was 0.95. The total carbon available in the 

medium was 314 mM. The average specific growth rate was 0.04 hr' 1 and the biomass 

reached its peak at 2.53 g/L after 47 hours. At this point the glucose had ran out, but 

some alanine was still left in the culture broth. The biomass, glucose and valine 

concentrations are plotted in Figure 6-7. The organic acid concentrations are plotted in 

Figure 6 - 8  and the carbon evolution and the oxygen utilisation rates are plotted in Figure

6-9.
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Figure 6-9, Carbon evolution rate and oxygen utilisation rate in the alanine and glucose 

fermentation.

The maximum pyruvate concentration present in the culture broth was 8.36 mM at 31 

hours and the maximum a-ketoglutarate concentration was 1.22 mM at 47 hours (the 

point were the biomass reached its maximum concentration). a-Ketoglutarate was 

produced at a steady rate throughout the active growth phase. Pyruvate seemed to be 

secreted at an exponential rate up until 31 hour before stagnating. Only at 47 hours did it 

start to be reassimilated.

Out of the 314 mM  carbon available at the start o f  the culture, about 105 mM went into 

biomass, about 180 mM  was lost in respiration and about 30 m M  (~ 10 %)  was lost in 

acid production. Hence, the overall carbon balance was correct. The overall nitrogen 

balance was also checked and this was also found to be satisfactory.

Some of the carbon mass balances for intermediate time intervals did not balance. The 

high assimilation o f  glucose between 0 and 22.75 hours was for example not reflected in 

the accumulating biomass. The secreted acids and the carbon evolution rate could not 

account for the extra carbon apparently being metabolised either. As the nitrogen 

balance seemed to be correct, both the amino acid and biomass measurements were 

assumed to be fine. According to the assays, the glucose was also used up before the 

amino acid, which is unusual. The discrepancy may therefore have been due to

E.B. Daae. 1999 PhD Thesis Page 94



Mathematical Modelling o f  Biochemical Pathways Fermentations

inaccurate glucose assays, or an undetected carbon metabolite secreted early in the 

culture and reassimilated later.

One unknown substance was seen to accumulate throughout the fermentation. The 

compound was detected on the Aminex HPLC column using the RI detector and had an 

approximate retention time, of 8.5 minutes. (This was comparable to one of the 

unknown metabolites seen accumulating during valine and glucose fermentation.) The 

secretion pattern of the detected metabolite did not match the secretion pattern expected 

for a metabolite that would have accounted for the mismatch in the carbon balance. The 

metabolite accounting for the missing carbon would have had to have been secreted 

early in the culture and then reassimilated later on. The detected compound was secreted 

all the way throughout the fermentation.

It was suspected that the unidentified HPLC peak might be citrate, as observed in other 

Streptomyces cultures (Dekleva and Strohl, 1987). However, comparing standard 

relative retention times and UV/RI ratios for citrate (Bio-Rad) with the respective values 

for the unidentified HPLC peak, it soon became evident that the peak could not be 

citrate. In fact, none of the about 50 common carbon metabolites described by Bio-Rad 

fitted the HPLC peak observed. The overall carbon balance for the fermentation was 

correct. Hence, it was assumed that this unidentified metabolite was probably not a 

major carbon compound and would therefore not be of importance in metabolic carbon 

flux studies.

The alanine and glucose fermentation reached the highest acid concentration of the three 

fermentations. Pyruvate was secreted at an exponential rate up until 31 hours. Only after 

47 hours did the reassimilation at start. This was unexpected behaviour, and it is 

suspected that pyruvate secretion continued after 31 hours, resulting in a maximum 

pyruvate concentration somewhere between 31 and 47 hours before it was reassimilated. 

Hence, at 47 hours the pyruvate level might just have happened to be at a comparable 

level to that at 31 hours.
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7. A SIMPLE STRUCTURED MODEL FOR THE GROWTH OF 

S. LIVIDANS

The work presented in this chapter was also co-published in a paper with Dr. Andrew P. 

Ison in Biotechnology & Bioengineering, vol. 58, pages 263-266, 1998.

7.1 SUMMARY

The growth o f Streptomyces lividans in defined media was modelled using a simple 

structured growth model. Conventional unstructured models like; Monod kinetics, 

substrate inhibition kinetics and the logistic equation were also used in an attempt to fit 

the data, but the results were all unsatisfactory. The main reason for failure in applying 

simple unstructured models, is the fact the they cannot describe the long lag phases 

sometimes observed during growth of S. lividans. The simple structured growth model 

was derived along similar principles to cybernetic growth models. This model quite 

accurately describes the growth of S. lividans. It assumes that the rate of assimilation of 

a substrate depends on the concentration of a specific key enzyme. This key enzyme is 

only produced in the presence of the substrate, and it is broken down at a steady rate. An 

enzyme synthesis allocation variable, w, similar to the cybernetic variable, u, described 

in cybernetic growth models, is proposed to control enzyme synthesis. Until the key 

enzyme concentration approaches its maximum level, very little substrate is consumed. 

And consequently, the lag phase is sustained.
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7.2 NOMENCLATURE

B biomass
S substrate
E enzyme
Y yield of biomass per unit substrate (g/mmol)
B ’ biomass after enzyme production
X biomass concentration (g/1)
t time (hrs)
V specific growth rate (hr*1)
e enzyme concentration (units)
m̂ax maximum enzyme concentration (units)

S substrate concentration (mmol/1)
k substrate half saturation constant (mmol/1)
a enzyme synthesis constant (units/hr)
w enzyme synthesis allocation variable (-)
ke enzyme synthesis half saturation constant (units)
P specific enzyme decay constant (hr1)
ms maintenance constant (mmol/g/hr)
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7.3 INTRODUCTION

Streptomyces bacteria are increasingly important in industrial processes. Their ability to 

secrete large amounts of enzyme and secondary metabolites, particularly antibiotics, 

make them commercially very attractive. In an attempt to gain a better understanding of 

Streptomyces bacteria growth and metabolism a simple structured mathematical model 

describing the growth of Streptomyces lividans on a single carbon source was 

developed.

Using conventional unstructured modelling techniques like; Monod kinetics, substrate 

inhibition kinetics and the logistic equation, an attempt was made to fit the experimental 

data. It was found that these models could not predict the long lag phases observed in 

shake flask cultures of S. lividans on defined media. Forcing the models to fit the lag 

phase, generally resulted in a delayed onset of the active growth phase. Hence, 

conventional methods are not suited to describe growth behaviour where an initial 

prolonged lag phase is suddenly relieved by exponential growth.

The long lag phase indicate that there might be certain limitations on the substrate 

utilisation apparatus at the start of the cultures. These limitations could be related to 

internal energy levels or inducible enzymes. In many microbial systems delayed 

substrate uptake, is associated with diauxic, or sequential growth. This behaviour is also 

often viewed as a microbial capability to control substrate assimilation to maximise 

growth (Ramkrishna et a l,  1987) and can successfully be described using cybernetic 

modelling techniques, (Kompala et a l ,  1984; Kompala & Ramkrishna, 1986; Turner et 

a l,  1988; Narang et a l, 1997)

Kompala et a l  (1984) and Kompala & Ramkrishna (1986) developed a structured 

model where substrate consumption is assumed to be limited by key enzymes. These 

enzymes control the rate limiting step in the substrate assimilation pathways. The 

synthesis of the key enzymes is assumed to be controlled by “a cybernetic resource 

allocation variable”, u. If u, is zero for a particular substrate, S, the enzyme controlling 

the assimilation of this substrate can not be produced. Hence, assimilation of the 

substrate, S, can not take place either.
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Using some of the principles in the cybernetic model proposed by Kompala et a l  (1984) 

a simple structured model for the growth of S. lividans on a single carbon source has 

been developed. This model successfully simulates the growth pattern and specific 

growth rates observed in shake flask cultures of S. lividans on defined medium. Figure

7-1 and Figure 7-2 show a typical fit between the model and experimental data.

7A MA TERIALS AND METHODS

The experimental data used to test the model was obtained from shake flask studies 

carried out by E. Madden while investigating organic acid excretion by S. lividans 

(Madden et a l, 1996). Model simulations were done using Microsoft Excel 

Spreadsheets.

7.5 MODEL DEVELOPMENT

Similarly to the authors mentioned above, it was assumed that a key enzyme exists for 

the assimilation of substrate, S, and that a cybernetic variable, w, controls the process of 

enzyme synthesis. Biomass and enzymes cannot be produced in the absence of certain 

critical cellular resources. These critical resources potentially include other metabolic 

enzymes, ATP and transcriptional capacity. Hence, for a given culture condition, the 

value of w determines the level of key enzyme synthesis.

The model assumes the following relationship for the growth process:

B + S — > (1 + K) B+..........

Eq. 7-1

where B is the biomass, S is the substrate, E is a key enzyme and Y is the yield of 

biomass per unit substrate. In accordance with Kompala et a l  (1984), it was assumed 

that a key enzyme is required for the utilisation of the substrate, and that this key 

enzyme must be synthesised before growth can occur on the substrate.
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The synthesis of the key enzyme is induced by the presence o f substrate, and controlled 

by the level of enzyme already present. The relationship for enzyme synthesis can be 

expressed as:

B — s*e > E + B'

Eq. 7-2

where B ’ is the biomass excluding the key enzyme E.

The rate equation for biomass production through reaction (7-3) is represented as a 

modified Monod equation:

dx _  E -' ( e / e max )  ■? *

dt k + s

Eq. 7-4

where x is the biomass concentration, s is the substrate concentration, e is the specific 

level of the key enzyme, k is the Monod substrate half saturation constant and ^ is a 

modified version of the maximum specific growth rate. When the enzyme level equals 

the maximum enzyme level n  (e/emax) equals the maximum specific growth rate.

The key enzyme E  is synthesised during the initial lag phase according to another 

modified Monod relationship expressed as follows:

de a s
      w
dt k + s

Eq. 7-5

where e is the specific enzyme concentration, a  is a constant and w  is an “enzyme 

synthesis allocation variable”. This variable controls the enzyme synthesis rate in a 

similar fashion to the cybernetic variable, u, described by Kompala et al. (1984). The 

enzyme synthesis allocation variable, w, takes a value between zero and one inclusive.

Kompala et al. (1984) evaluated u using the matching law principle, applicable to a 

system with competing substrates, which primarily predicts the order in which the
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substrates are utilised. However, the prediction of substrate assimilation in the presence 

of a single substrate requires another approach.

In the absence of constraints imposed on the system by critical cellular resources, w 

equals one. Under these conditions the specific enzyme production rate only depends on 

the substrate concentration. As a result the specific enzyme level can be seen to increase 

rapidly following the introduction of the substrate to the culture. This also causes a rapid 

increase in the specific growth rate not consistent with the experimental data.

The enzyme synthesis allocation variable, w, is a function o f critical cellular resources 

availability. It is reasonable to assume that the size of the “apparatus” controlling the 

specific synthesis of the key enzyme, E , is proportional to the specific concentration of 

this key enzyme. This autocatalytic nature of the enzyme was also proposed by Narang 

et a l  (1997), but exploited slightly differently in their cybernetic model. Hence, the 

following relationship is proposed:

e

Eq. 7-6

where e , is the specific enzyme concentration and ke is a constant similar to the half 

saturation constant in the Monod equation.

Proteins, including the key enzymes, are continuously degraded in the cell. The model 

assumes a linear relationship for protein degradation. The dilution of enzymes caused by 

cellular growth is accounted for by a separate term. Hence, the actual specific enzyme 

production rate reads as follows:

de a s  e
—  = ~------ •--------- p - e - p e
dt  k + s ke + e

Eq. 7-7

Maintenance energy was also included in the model. The substrate consumption rate is 

therefore expressed as:
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ds dx 1
—  = ---------+ m • x
dt dt Y

Eq. 7-8

All constants are given in Table 7-1.

Table 7-1, Constants used in the “cybernetic” model.

Parameter Value Source

Y 0.0667 g/mmol fitted

V 0.055 hr' 1 from experimental data

k 6  mM from experimental data

Cnxax 0 . 0 1  units fitted

a 0 . 0 0 1  units/hr Kompala et al. (1986)

p 0.05 hr' 1 Kompala et al.(1986)

ke 0.0025 units fitted

ms 0.1 mM/g/hr fitted

7.6 RESULTS AND DISCUSSION

As can be seen in Figure 7-1 and Figure 7-2, the model accurately describes the 

experimental data up until stationary phase. The model predicts that the key enzyme is 

synthesised at a slow rate at the start of the culture. This results in a slow substrate 

uptake rate and a low specific growth rate for a period of about 15 hours. Hence, the lag 

phase is sustained. As the enzyme level starts to increase the specific growth rate also 

increases. At about 50 hrs the specific growth rate reaches a maximum of 0.03 hr' 1 and 

10 hrs later it starts decreasing at a rapid rate. At this point the substrate concentration is 

down to about a third of its original level. The key enzyme concentration reaches a 

maximum at about the same time as the specific growth rate starts dropping. The key 

enzyme level is sustained for another 1 0  hrs before this also starts to decrease rapidly. 

The sudden decrease in the key enzyme level coincides with the exhaustion of substrate 

in the media.
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Figure 7-1, Glucose consumption and biomass accumulation in shake flask cultures of S. 

lividans.

From a physiological point of view this presentation is entirely plausible. An 

autocatalytic key enzyme does probably not exist, but it might be a good approximation 

for a possible mechanism. At the introduction of substrate, S , to the culture, there are 

probably very low levels of enzymes required for utilisation. This is reasonable to 

assume, as synthesis of these specific enzymes at any significant level in the absence of 

a substrate is wasteful. As the substrate, S , is introduced to the culture, the cells will 

detect its presence and transcription of relevant genes will commence. The cells will 

only gradually reallocate resources towards key enzyme synthesis, and it is this process 

of reallocation which can be described in terms of an autocatalytic process. The 

autocatalytic nature assigned to the key enzyme in the model also results in a sustained 

high synthesis rate at low levels of substrate in the m edium  and high levels of key 

enzyme. This may reflect a cellular m echanism  ensuring complete utilisation of the 

substrate at efficient rates before “switching o f f ’ the pathway. Hence, avoiding any 

lingering enzym e synthesis process needing to be maintained.
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Figure 7-2, Specific growth rate and simulated key enzyme level in shake flask cultures of 

S. lividans.

Up until the point where the substrate runs out, the model can be explained in terms of 

possible physiological events. When the substrate runs out, according to the model, the 

enzyme synthesis ceases. This may indeed not be correct. There may be a time delay 

and/or the key enzyme could be synthesised at a low constitutive level. If the key 

enzyme is synthesised at a constitutive level, this can be reflected by adding an extra 

term to the enzyme synthesis expression as described by Turner & Ramkrishna (1988). 

As this work only considered single batch fermentations, the importance of 

constitutively synthesised enzymes did not come into play. If however, the model was 

expand, applying it to semi-continuous or fed-batch systems, inclusion of constitutive 

enzyme synthesis would have to be consider.

The growth model proposed in this chapter, gives some important clues to the control of 

substrate uptake in Streptomyces lividans. It cannot be considered proof for the 

existence of a key enzyme or key enzymes, but it strongly suggest the presence of a 

highly controlled assimilation apparatus. This kind of approach might also be useful in 

the understanding and modelling of product production processes from various
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streptomycetes. It might even be possible to use the approach to model internal fluxes 

and control structures, (Straight & Ramkrishna, 1994a; Straight & Ramkrishna, 1994b) 

which again influence the complex processes of antibiotic production.
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8. CLASSIFICATION AND SENSITIVITY ANALYSIS OF A 

PROPOSED PRIMARY METABOLIC REACTION NETWORK FOR 

STREPTOMYCES LIVIDANS

The work presented in this chapter was co-published with Dr. Andrew P. Ison under the 

title: “Classification and sensitivity analysis of a proposed primary metabolic reaction 

network for Streptomyces lividans” in “Metabolic Engineering”. The paper was 

accepted for publication in February 1999.

8.1 SUMMARY

Constructing a metabolic flux analysis model is in principle fairly straight forward. 

However, there are a number of mathematical pitfalls. First o f all dependent reactions 

are a recurring problem and secondly the choice of reactions to measure may not be 

straight forward. A method for systematic identification of dependent reactions and a 

thorough reactions classification procedure is presented. A well defined stoichiometric 

presentation can provide significant insight into metabolic control mechanisms. Two 

methods for analysing the impact of perturbations in the measured fluxes on the 

remaining metabolism and the impact of changes in biomass composition on the 

calculated metabolic reactions were developed. A metabolic reaction network proposed 

for Streptomyces lividans was used as an example to demonstrate the outlined analysis. 

It was concluded that oxygen utilisation had the highest influence on the pathway fluxes 

and that realistic perturbations in the biomass composition would not significantly alter 

the flux patterns.
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8.2 NOMENCLATURE

c number of non measured reaction fluxes

e number of rows in E, or number of metabolites considered

E  Stoichiometric matrix of metabolic reaction network

Ec Stoichiometric matrix of calculated reactions

Em Stoichiometric matrix of measured reactions

Ex Stoichiometric vector for biomass generation reaction

m number of measured reaction fluxes

n number of columns in E, or number of reactions considered

R Redundancy matrix

r Vector of reaction fluxes

rc Vector of calculated reaction fluxes

rm Vector of measured reaction fluxes

rx Specific growth rate
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8.3 INTRODUCTION

The construction o f a metabolic flux analysis model is in principle a straight forward 

task, requiring only the stoichiometric relationships o f the biochemical network and the 

biochemical demands on this network. However, ensuring consistency within the chosen 

set of balance equations and calculability of chosen rates is not always so straight 

forward as illustrated by a number of authors (Noorman et al. , 1991; van der Heijden et 

a l,  1994a, 1994b; Noorman et al., 1996; Bonarius et al., 1997).

The first problem commonly found when constructing mathematical presentations of 

reaction networks is the occurrence of dependent reactions. These pose a great problem 

as dependencies renders a model unsolvable. If the stoichiometric matrix is of full rank, 

there are no dependent reactions, and hence, the model is solvable. However, if the 

matrix is not o f full rank, one or more dependent reactions exist and all kinds of 

problems arise. First of all, finding which of the reactions that are dependent is not 

always a trivial task. Sometimes it is obvious were the problem lies, but if not, working 

through a set of 50 or more equations where any could be part of a linear combination is 

not a great prospect. If and when the dependency is found, the balance equations must 

be redefined in such a way that the dependency is removed, and the system is still 

biochemically correct. Redefinition of stoichiometric networks have been thoroughly 

discussed by authors such as Bonarius et al. (1997), but a general and systematic method 

for identification of dependent reactions in a stoichiometric network seems absent from 

flux analysis related literature.

Having obtained the desired set of independent stoichiometric relationships, the 

minimum number o f rates which need to be measured to solve the set of equations may 

be calculated from the rank of the stoichiometric matrix (Noorman et al., 1991; 

Noorman et a l ,  1996). However, which rates that should be quantified in order to solve 

the set of simultaneous equations is not revealed.

In this chapter, a simple method for identifying dependent reactions in a stoichiometric 

network, and a method for determining whether a set of measured fluxes is sufficient to 

solve the set of stoichiometric equations in order to calculate the remaining fluxes in a
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metabolic network is presented. The latter method was developed by van der Heijden et 

al. (1994a) as a general classification procedure for black box systems. In this article the 

application of the method to a stoichiometric reaction systems is presented and a 

proposed primary metabolic reaction network for Streptomyces lividans is analysed as a 

suitable example.

Having successfully defined and classified the desired stoichiometry, the normal route 

of action is usually to proceed with flux analysis of experimental data. However, the 

stoichiometric relationships alone do also provide considerable information. No 

quantitative data can off course be obtained, but a number of sensitivity issues can be 

addressed. Calculating the condition number of the proposed stoichiometry gives a 

measure o f possible error amplification and is therefore very important when solving a 

set of linear equations using experimental data. However, sensitivity analysis of the 

stoichiometric relationships may be exploited much further and more specifically. In 

this chapter, a method for calculating the sensitivities of the calculated fluxes to changes 

in the measured fluxes, and also a method for calculation sensitivities of the calculated 

fluxes to changes in the biomass composition is presented. The methods are derived and 

applied to a suitable example.

8.4 COMPUTA TIONAL METHODS

8.4.1 IDENTIFICATION OF DEPENDENT REACTIONS

If the stoichiometric relationships of a metabolic network is presented in a mathematical 

matrix format, linear algebra transformation routines to identify the dependent reactions 

(reactions which are linearly dependent on one, or a combination of two or more other 

reactions) can be used. Hence, if the columns represent the reactions and the rows 

represent the metabolites, the following matrix representation may be used:

a \ , \ «1,2 a i,3 « 1 .4

«2.1 a 2 ,2 a 2 3 a 2,A

a 3,l a 3,2 a 3,3 a 3 A

« 4 ,1 « 4 ,2 « 4 ,2 « 4 , 4

E.B. Daae, 1999 PhD Thesis Page 109



Mathematical Modelling o f  Biochemical Pathways Classification and Sensitivity Analysis

To find the dependent columns (reactions) of this matrix, a row reduction must be 

carried out. Row reduction does not alter the relationship between the columns in a 

matrix and hence, the columns identified as dependent in a row reduced matrix are the 

same columns as in the original matrix. The method of row reduction used in this work 

was Gauss-Jordan elimination with partial pivoting. When dependent columns are 

present, this method produces a matrix of the following form:

A.i A,2 Pi,3 A,4
0 A,2 Pi,3 A,4
0 0 0 A,4
0 0 0 0

The columns which do not have a leading row entry are dependent. Hence, in the above 

matrix, column 3 is dependent. The method is a standard linear algebra method and 

computer programming packages like MATLAB (The Math Works Inc., Massachusetts, 

USA) have functions such as “rref” (transforms the matrix to its reduced row echelon 

form) available.

8.4.2 SYSTEM CLASSIFICATION

In order to carry out a proper classification of a proposed stoichiometric reaction 

network the reactions need to be divided into reaction fluxes which will be measured 

and reaction fluxes which must be calculated. The classification method presented 

below was developed by van der Heijden et al. (1994a).
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The purpose of the classification procedure is to subdivide the reaction fluxes into four 

categories:

measured reaction fluxes which are balanceable, 

measured reaction fluxes which are not balanceable, 

non-measured reaction fluxes which are calculable, and 

non-measured reaction fluxes which are not calculable.

A balanceable reaction flux is a flux which can also be calculated from a combination of 

the other measured reaction fluxes. Hence, a balanceable reaction flux need not 

necessarily be measured if the remaining reaction fluxes proposed as “measured” are.

If a calculated reaction flux is classified as not calculable this means that given the set of 

measured fluxes, no meaningful flux value can be calculated for this particular reaction. 

To ensure that the system is completely solvable all reactions that are non-measured 

must be calculable.

The actual classification procedure starts with presenting the reaction network in an 

appropriate mathematical form. This is done by the matrix equation below:

E r  = 0

Eq. 8-1

where E  is the stoichiometric matrix of dimensions (e x  n) and r the vector containing 

all reaction fluxes of dimensions (n x  1). A pseudo steady state is assumed for all the 

internal metabolites, hence the accumulation of each of the metabolites is set to zero 

(right hand side of Eq. 8-1). A pseudo steady state may be asumed when the 

accumulation of each of the internal metabolites is negligible compared to the flux 

passing through the respective metabolite pools (Vallino and Stephanopoulos, 1993). 

Vector r can be partitioned into two vectors, one containing the measured reaction rates 

and one containing the reaction rates to be calculated. Hence:
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E c - r c + E m rm = 0

Eq. 8-2

Vector rm consist of the m measured rates and vector rc consist of c non-measured rates. 

(Hence, c + m = n). Em and Ec are the columns of E  corresponding to rm and rc 

respectively. From Eq. 8-2, it can be seen that the calculated reaction fluxes may be 

obtained as follows:

r  =  - E ~ x - E m ■ rmc c m m

Eq. 8-3

However, matrix Ec is often non-square, in which case the inverse, Ec'1, does not exist. 

A generally valid expression using the pseudo inverse, Ec#, which is defined for singular 

and non-square matrices can be substituted.

rc = - E * c  - E m -rm

Eq. 8-4

The use of the pseudo inverse, E f,  will always yield a value for all elements of vector 

rc, even if some elements of rc principally can not be calculated from rm. The use of the 

pseudo inverse only guarantees that the calculated elements of rc satisfy Eq. 8-1. A 

separate criterion may be required to determine which of the calculated values for the 

elements of rc that are meaningful. This will be discussed further below.

Substituting Eq. 8-4 into Eq. 8-2 yields:

R - r m =  0

Eq. 8-5

Where the redundancy matrix, R , is defined as:
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R =  F -  F  • F # • Fm c c m

Eq. 8-6

The redundancy matrix has a central role in the classification procedure. The rank of the 

redundancy matrix, k, equals the number of independent equations in R. If this is larger 

than zero, the system of equations is redundant and at least one of the measured rates are 

balanceable. Balanceable reaction fluxes may be identified by inspecting the columns of 

matrix R. The presence of zero-columns in R  indicate non-balanceable reaction fluxes in 

the corresponding rows of rm.

Having determined the redundancy matrix and calculated the rank of this, an assessment 

of the calculability of the remaining non-measured reaction fluxes may also be carried 

out. If e-c equals k, then all the non-measured rates are calculable. However, if e-c is 

greater than k, then some or all of the rates may not be calculable. In the event of e-c>k  

matrix Ec should be analysed in further detail, by means of singular value 

decomposition, to determine which of the reaction rates that can and cannot be 

calculated. This procedure will not be discussed here, but is described in full by van der 

Heijden et a l  (1994a). In the event that some or all the remaining reaction rates cannot 

be calculated, a new set of “measured” reaction rates must be chosen. This may be an 

expansion of the proposed set, or a completely new set chosen from the complete set of 

independent reactions.

8.4.3 SENSITIVITY ANALYSIS

Sensitivity analysis may yield considerable information not only on the accuracy of 

calculations but also on dynamic properties of the proposed metabolic network.

The accuracy of solving Eq. 8-4 may be described by the condition number of the matrix 

Ec. As the condition number reflects the sensitivity of a solution to errors in the assumed 

stoichiometry and measured fluxes, it should be as low as possible. However, the 

condition number is only proportional to the actual error propagated and also depends 

heavily on the size of Ec (Savinell and Palsson, 1992d). For a matrix, Ec, of the size 

presented in this chapter (53x50) a condition number well below 1000 would reflect a
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well posed system with low error propagation (Savinell and Palsson, 1992d). The 

condition number will vary with the choice of measured fluxes and may therefore aid in 

experimental design when choosing the set of fluxes to measure. Further discussion on 

the role of the condition number can be found in Savinell and Palsson, (1992c) or linear 

algebra books such as Wilkinson (1963) and Stewart (1973).

Dynamic properties such as the sensitivity of the calculated fluxes to changes in the 

measured fluxes can also be investigated without experimental data. A method based on 

stoichiometry alone is presented below. Assuming that a perturbation in the measured 

fluxes causes a change in the calculated fluxes Eq. 8-4 can be rearranged as follows:

rr ~ rr - - E *  • Em-(rm — rm )c2 q c m y mi n\ j

Eq. 8-7

which becomes:

dr  = - £ * • £ •  dr.c m m

Eq. 8-8

hence:

^  = -E*c - Emc mdrm

Eq. 8-9

The accumulated impact of each of the measured fluxes may be found by taking the sum 

of the absolute values of the individual sensitivities.

Given that the assumed biomass composition of the investigated strain is not always 

taken from the same species but commonly from E. coli (Kiss and Stephanopoulos, 

1992; Goel et a l , 1993), a sensitivity analysis with respect to changes in the biomass
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composition may be performed to assess the total impact of this assumption on the 

calculated fluxes. The proposed calculation method is outlined below. Rewriting Eq.

8-2, separating the reaction flux to biomass from the matrix E  yields:

Er • rr + Em • rm + E r • rY = 0c c m m  x x

Eq. 8-10

A change in the biomass composition yield changes in the calculated fluxes, hence:

Ec -drc + 0  + dEx -rx = 0

Eq. 8-11

rearranging Eq. 8-11 yields:

- ■ d r c -dE* = -E *
rx

Eq. 8-12

which gives the sensitivity of each calculated flux in response to changes in each of the 

biomass components. Note, that the normal inverse is here substituted with the pseudo 

inverse following the same argument as for Eq. 8-4. To assess whether the change in the 

calculated fluxes is significant the left hand of the expression can be multiplied with a 

maximum specific growth rate rxmax and the maximum expected change in each of the 

biomass components, dEXJnax.

All calculations were carried out by pre-programmed subroutines in MATLAB which 

were called from a Microsoft Excel interface providing all the necessary parameters. 

The exporting and importing of data was performed automatically through Dynamic 

Data Exchange (DDE) between Excel and MATLAB as specified by subroutines written 

in Visual Basic for Applications (VBA).
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8.5 STOICHIOMETRY OF S. LIVIDANS PRIMARY 

METABOLISM

The chosen stoichiometry presented in this chapter consisted of 53 metabolites and 57 

reactions. A schematic outline of the metabolism is given in Figure 8-1 and a list of all 

the reactions can be found in Appendix B. A list of the metabolites included in the 

model can be found in Appendix A. The grey boxes in Figure 8-1 represent enzyme 

reactions. The various symbols in the grey boxes represent co-factors involved in the 

reactions. The red numbers next to the grey boxes correspond to the reaction number 

(for example R l, reaction 1) given in .

The majority of the metabolic reactions included in the model were assumed to be of a 

similar nature to other bacteria (Ingraham et al., 1983; Bailey and Ollis, 1986; Stryer, 

1988). Some of the reactions however, are specific for S. lividans metabolism.

The existence o f the Embden-Meyerhof pathway was reported for S. coelicolor, S. 

antibioticus, S. scabies and S. reticuli in a study by Salas et al. (1984). It was therefore 

reasonable to assume that this pathway is present in S. lividans as well. A complete 

glycolytic pathway have later been indicated by the presence of phosphofructokinase 

(reaction 3) and pyruvate kinase (reaction 6 ) in S. alboniger (Surowitz and Pfister, 

1985) and Streptomyces C5 (Dekleva and Strohl, 1988a). In some actinomycete species, 

the enzyme phosphofructokinase (reaction 3) in the glycolytic pathway is often PPi 

dependent. However, in a study by Alves et al. (1994) both the Streptomyces species 

tested, S. coelicolor and S. griseus, had an ATP dependent phosphofructokinase. This 

was assumed to be true for S. lividans metabolism as well.

The Entner-Doudoroff pathway commonly found in many other bacterial species was 

reported as being non-functional in S. lividans, Streptomyces C5 and S. aurofaciens in a 

study by Dekleva and Strohl (1988a). The absence of this pathway has also been 

reported in other actinomycetes such as A. methanolica (Alves et al., 1994).
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Figure 8-1, Schematic outline of Streptomyces lividans primary metabolism.
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The presence of a full pentose phosphate pathway was reported by Salas et al. (1984) for 

S. coelicolor, S. antibioticus, S. scabies and S. reticuli. The full presence of this 

pathways was also later confirmed by Dekleva and Strohl (1988a) in Streptomyces C5, 

S. aurofaciens and S. lividans. Reaction 9 in the assumed stoichiometry represents the 

glucose-6 -phosphate dehydrogenase and the 6 -phospogluconate dehydrogenase enzymes 

in the pentose phosphate pathway. In most bacteria, these two enzymes are NADP+ 

dependent and hence, every glucose-6 -phosphate entering the pentose phosphate 

pathway would generate two NADPH. In S. lividans and some other actinomycetes the 

glucose-6 -phosphate dehydrogenase is NADP+ dependent but, the 6 -phospogluconate 

dehydrogenase have been found to be NAD+ dependent (Dekleva and Strohl, 1988a; 

Alves et al., 1994). This means that only one NADPH is generated for every glucose-6 - 

phosphate entering the pentose phosphate pathway. Presuming that the biosynthetic 

demand for NADPH is similar to that of other bacteria such as E. coli, this means that 

the pentose phosphate pathway probably needs to be more active in S. lividans, to meet 

the biosynthetic demand for NADPH, or that another major pathway generating 

NADPH exists. Cochrane and Peck (1953) reported that in S. reticuli and S. coelicolor 

the pentose phosphate pathway activity determined by radiorespirometry was the 

primary glucose catabolic route. Further, Salas et al. (1984) described a shift in the 

relative participation of the Emdben-Meyerhof and pentose phosphate pathways during 

germination of S. antibioticus spores. During spore germination, the pentose phosphate 

pathway continued to increase its participation in glucose catabolism relative to the 

Emdben-Meyerhof pathway, until it was the primary route during exponential growth. 

This evidence support the assumption that NADPH needed for biosynthesis is mainly 

produced by the pentose phosphate pathway.

The existence of a complete TCA cycle in both S. lividans and Streptomyces C5 was 

proved in a study by Dekleva and Strohl (1988a) where they also found that citrate 

synthase, the gateway enzyme to the TCA cycle had an especially high activity.

Some streptomycetes strains like S. coelicolor and S. hygroscopicus have been shown to 

have fully functional glyoxylate bypass enzymes (Coggins et al., 1995; Takebe et al., 

1991). However, glyoxylate pathway enzyme activity was not detected in either 

Streptomyces C5, S. lividans or S. aurofaciens in a study by Dekleva and Strohl (1988a).
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The strains also grew very poorly on acetate it was therefore concluded that the 

glyoxylate bypass pathway must have been absent.

The enzyme phosphoenolpyruvate carboxylase (PEPC) (reaction 15) has been identified 

as the main anaplerotic enzyme in a number of Streptomyces species (Dekleva and 

Strohl, 1988a,1988b; Bramwell et al., 1993; Coggins et al., 1995). This is therefore 

likely to be the case for S. lividans as well.

In an NMR study on S. parvulus by Inbar and Lapidot (1991) the main gluconeogenic 

step was identified as being a reaction converting oxaloacetate to phosphoenolpyruvate. 

The enzyme responsible for this conversion was probably not PEPC, as this enzyme is 

irreversible, but most likely phosphoenolpyruvate carboxykinase (Stryer, 1988). The 

stoichiometry of the phosphoenolpyruvate carboxykinase reaction is exactly the reverse 

that of PEPC and hence, reaction 15 was for mathematical purposes regarded as 

reversible.

Reaction 35 represents the glutamate dehydrogenase enzyme. This enzyme catalyses the 

conversion of a-ketoglutarate and ammonia to glutamate and is normally NADPH 

dependent (Stryer, 1988). The fermentations investigated in this chapter were producing 

glutamate as a by-product in the amino acid assimilation. Hence, excess glutamate was 

converted to a-ketoglutarate reversing the glutamate dehydrogenase reaction. This is 

fine as the glutamate dehydrogenase is a fully reversible enzyme. However, when the 

enzyme works in the catabolic direction (reverse direction), the enzyme uses NAD+ as 

the oxidant instead of NADP+. Hence, as reaction 35 was reversed in the fermentations 

investigated, NADH was presented as the co-factor. For systems where reaction 35 

would go in the forward direction, NADPH would have to be substituted for NADH.

Reaction 50 represents the conversion of formyl-tetrahydrofolate to methylene- 

tetrahydrofolate. This is part of the one carbon metabolism, and is important for nucleic 

acid synthesis etc. In the forward direction, this pathway consumes one NADPH, 

whereas in the reverse reaction, no co-factors are involved. This should ideally be 

represented as two irreversible reactions, but since, the mathematical algorithm solving 

the linear problem only copes with reversible reactions, a reversible reaction had to be 

set up. When analysing the fermentations, it was found that reaction 50 was frequently
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reversed (data not shown), and hence NADPH was produced, which is physiologically 

incorrect. This artificial production of NADPH was also found to interfere with the flux 

through the pentose phosphate pathway, destorting the flux pattern. Hence, the NADPH 

had to be eliminated from the reaction. NADH was substituted for NADPH to represent 

a certain energy demand if the reaction was to go in the forward direction. This was 

justified by assuming that there may be a small rate of exchange of protons between 

NADPH and NADH. When NADPH was eliminated from reaction 50, the system 

calculations improved in accuracy and the flux through reaction 50 became quite 

insignificant.

Reaction 51 describes the excess ATP turnover. This is reaction describes the ATP 

demand for the remaining cellular mechanisms such as transport, repair, heat production 

and secondary metabolism.

Reactions 52 and 53 represent the oxidative phosphorylation reactions of the cell. A P/O 

ratio of 2 was assumed (Bailey and Ollis, 1986). Hence, the number of ATP molecules 

produced per molecule of NADH was assumed to be 2. It was further assumed that 

compared to NADH, FADH produced 2/3 the amount of ATP. The above assumptions 

are all fairly standard relationships in a number of bacteria (Bailey and Ollis, 1986)

Reaction 54 represents the conversion of monomers to biomass. It accounts for 

everything from amino acid integration into protein to cell wall synthesis. The energy 

required is also taken into account. The reaction stoichiometry was worked out using the 

E. coli biomass composition and assembly requirements given by Ingraham et al. 

(1983).

The model described above assumes that all reactions are reversible. As long as the 

fluxes calculated with this method does not contradict physiological facts, there is no 

problem. In the model described above one such problem initially occurred with 

reaction 50, but it was solved using assumptions based on knowledge of the biochemical 

pathways. However, for systems where this problem cannot be so readily solved, other 

mathematical methods such as constrained optimisation must be applied when solving 

the set of equations.
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8.6 RESULTS AND DISCUSSION

To illustrate the use of the methods presented above a suitable example of a proposed 

metabolic network for S. lividans is analysed.

The proposed stoichiometry presented in Figure 8-1 and Appendix B present a 

consistent set of linearly independent equations. Attempts to include alternative 

reactions such as the glyoxylate shunt in the reaction network resulted in dependencies. 

This was successfully identified by the column reduction method described above and 

the pathway was subsequently removed as considerable evidence suggest that this 

pathway is not present in S. lividans (Dekleva and Strohl, 1988a).

8.6.1 CLASSIFICATION

Seven of the reactions where classified as “measured”. These were, the specific growth 

rate, glucose uptake rate, pyruvate secretion rate, a-ketoglutarate secretion rate, alanine 

uptake rate, carbon dioxide evolution rate and oxygen utilisation rate.

The classification process revealed that the glucose uptake rate, the pyruvate secretion 

rate, the a-ketoglutarate secretion rate, the carbon dioxide evolution rate and the oxygen 

utilisation rate were all balanceable. Hence, individually they could be calculated from 

one or more of the remaining measured rates and were therefore redundant. (Note that if 

one redundant measurement is removed, the remaining redundant measurements will 

not necessarily remain redundant. Hence, the redundant measurements cannot be 

excluded together, but only one at the time.) The remaining “non-measured” reaction 

rates proposed were found to be calculable. Hence, the system was solvable and over

determined.

8.6.2 SENSITIVITY ANALYSIS

A conditioning number of 122 was found for the stoichiometry. This is well below 1000 

and therefore reflects a well posed system. Hence, the calculation of non-measured 

fluxes should be accurate.
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Table 8-1, Calculated flux sensitivities with respect to changes in measured fluxes.

specific
growth

glucose
uptake

pyruvate
secretion

a-kg
secretion

alanine
uptake

o2
utilisation

C02
evolution

R2 -2.69 0.55 -0.08 -0.24 -0.47 0.62 -0.54
R3 0.21 0.42 0.21 0.32 -0.30 0.16 -0.07
R4 1.72 0.75 0.58 0.94 -0.51 0.10 0.11
R5 1.32 0.74 0.65 1.10 -0.63 -0.05 0.26
R6 1.47 0.02 jLaa. 0.64 -0.89 0.01 0.32
R7 0.78 -0.12 -0.08 0.48 -0.03 0.29 0.07
R9 2.63 0.40 0.11 0.29 0.47 -0.62 0.55
RIO 2.69 0.03 0.21 0.42 0.18 -0.45 0.44
R ll 0.02 0.33 -0.08 -0.10 0.29 -0.17 0.12
R12 0.96 0.16 0.05 0.12 0.12 -0.25 0.23
R13 1.05 0.10 0.08 0.17 0.12 -0.26 0.24
R14 1.81 -0.17 0.19 0.34 0.06 -0.20 0.23
R15 0.84 0.25 -0.14 0.77 0.17 0.02 -0.06
R16 -0.18 -0.17 -0.14 0.37 -0.20 0.45 -0.08
R18 -0.58 -0.21 -0.12 -0.61 -0.26 0.46 -0.09
R19 -1.06 -0.39 -0.02 -0.44 -0.10 0.42 -0.03
R51 3.72 -0.46 1.20 1.89 -2.08 4.05 0.47
R52 1.76 0.20 0.12 0.60 0.14 1.57 0.07
R53 -2.06 -0.20 -0.08 -0.54 -0.13 0.37 0.00
Accumulated: 37.43 7.03 6.01 12.12 10.39 12.35 5.71

The sensitivities of the calculated fluxes to changes in the measured fluxes were

determined using Eq. 8-9 and can be seen in Table 8-1. The two or three highest 
uwcforU/ruA

sensitivities are shown in bold for each measured flux and the total sensitivity is 

presented as an accumulated absolute value of all the sensitivities. It should be 

emphasised that the sensitivities presented in this table are calculated on the basis that 

only the specified measured flux changes and that all the other measured fluxes stay the 

same. The perturbation is therefore required to be very small, as in a real system, large 

variations in for example carbon uptake rates, would clearly affect the specific growth 

rate etc. Hence, the sensitivity analysis will not give the answer as to which new “steady 

state” or metabolic pattern the system will adapt after a significant disturbance, but can 

may examine the initial dynamics of the system response.

From Table 8-1 it is clear that changes in the specific growth rate has the greatest impact 

on the calculated fluxes with an accumulated sensitivity of 37.43. Changes in the 

oxygen utilisation rate and the a-ketoglutarate secretion rate only has one third of the 

effect on the system, but are the second most influential measurements. The least
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important measurement is surprisingly the CO2  evolution rate, at an accumulated 

sensitivity of only 5.71.

The relatively high accumulated sensitivity calculated for the specific growth rate is not 

entirely unexpected. In the stoichiometric matrix this reaction affects the highest number 

of intermediates. These intermediates however are mostly building blocks and not so 

much members of the central pathways. Nevertheless the absolute greater part o f the 

accumulated sensitivity is due to the central pathways and not pathways involved in 

biomass monomer synthesis. This is also true for the sensitivities of the other measured 

fluxes. Hence, in general the central pathways are more affected than the pathways 

involved in biomass synthesis.

The specific growth rate and changes in the specific growth rate of Streptomyces 

lividans fermentations are usually an order of magnitude lower than for the other 

measured reaction fluxes. As the sensitivities are calculated as real sensitivities and not 

as normalised sensitivities, this needs to be taken into account. Hence, reducing the 

specific growth rate sensitivities by an order of magnitude also results in a much 

reduced accumulated sensitivity which is no longer of a significant magnitude. Hence, 

using approximately scaled sensitivities for the specific growth rate, it will no longer 

have the greatest impact on the calculated fluxes. The oxygen utilisation rate does in fact 

become the dominating parameter. This is not entirely unexpected as oxygen utilisation 

is closely related to energy production, which again is related to the majority of the 

metabolic reactions.

From closer inspection of Table 8-1 the individual impact on fluxes in the central 

metabolism can be seen. Perturbations in the specific growth rate has the highest impact 

on reaction 51, the ATP turnover. Apart from this, reaction 2, the conversion of glucose- 

6-phosphate to fructose-6-phosphate in glycolysis, reaction 9, the conversion of glucose- 

6-phosphate to ribulose-5-phosphate and reaction 10, the conversion of ribulose-6- 

phosphate to xylose-5-phosphate in the pentose phosphate pathway all have high 

sensitivities. The sensitivities of reactions 9 and 10 are positive and the sensitivity of 

reaction 2 is negative. Hence, an increase in the specific growth rate diverts glucose 

catabolism from the Embden-Meyerhof pathway to the pentose phosphate pathway. 

Further, it may be noted that the sensitivity of reaction 14 is positive, hence, some of the
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diverted glucose is returned to the glycolytic pathway via glyceraldehyde-phosphate. 

The sensitivities for the remaining glycolytic reactions are all positive and indicate an 

overall increased flux through this pathway. Reactions 52 and 53, or the oxidative 

phosphorylation, have negative sensitivities and therefore, the increased ATP turnover 

noted in reaction 51 cannot be due to an increase in cofactor production but rather the 

result of increases in other ATP generating pathways such as the glycolytic pathway.

Perturbations in glucose uptake mainly affect reactions 4 and 5, representing the 

conversion o f glyceraldehyde-phosphate to phospho-glycerate and phospho-glycerate to 

phosphoenolpyruvate respectively. Both sensitivities are positive, reflecting an increased 

flux response to increases in glucose uptake. Generally the sensitivities of both the 

glycolytic and the pentose phosphate pathway are positive, indicating increased flux. 

Reaction 7 however, representing the conversion of pyruvate to acetyl-CoA has a 

slightly negative sensitivity, indicating a decrease in this flux. This might eventually 

result in a bottleneck causing pyruvate secretion or increased flux to amino acid 

synthesis. The negative sensitivity of the ATP turnover (reaction 51) is unexpected. The 

natural expectation would be that increased excess carbon flow should be converted to 

energy. The decrease seem to result from a decreased TCA cycle activity reflected by 

negative sensitivities for these reactions.

Perturbations in pyruvate secretion mainly affect reaction 51, the ATP turnover and 

reaction 6, the conversion of phosphoenolpyruvate to pyruvate. As can be seen from the 

sensitivities in Table 8-1, increased pyruvate secretion has a positive effect on both 

reactions. Increases in reaction 6 are expected as this is the immediate supply of 

pyruvate for secretion. However, increases in the ATP turnover indicates that as pyruvic 

acid is secreted, energy production is increased. This is a puzzling but very interesting 

finding. It would be natural to assume that pyruvate was secreted in response to an 

overactive energy production. However, these results suggest the opposite. The increase 

in ATP turnover seems to result from an increased glycolytic activity as the combined 

efforts of reaction 52 and 53 representing oxidative phosphorylation only have very low 

positive sensitivities.

Perturbations in a-ketoglutarate secretion mainly affect reaction 51, the ATP turnover 

and reaction 5, the conversion of phospho-glycerate to phosphoenolpyruvate. The
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sensitivities of both reactions are positive and hence, an increased a-ketoglutarate 

secretion would result in an increased glycolytic activity above the phosphoenolpyruvate 

branch point and increased energy production. This last finding is similar to that of 

pyruvate, and just as surprising. In fact the increase in ATP turnover is even larger in 

response to an increased a-ketoglutarate secretion. Again the increased ATP production 

seems to be caused by an increased glycolytic activity and not by increased oxidative 

phosphorylation. The anaplerotic flux to the TCA cycle via reaction 15, representing 

conversion of phosphoenolpyruvate to oxaloacetate has a significant positive sensitivity. 

Hence, the flux through this pathway is increased and provides the excess carbon for 

secretion.

Perturbations in the alanine uptake mainly affect reactions 6 and 51, the conversion of 

phosphoenolpyruvate to pyruvate and the ATP turnover respectively. Both sensitivities 

are negative, hence, indicating a decreased flux through glycolysis and decreases in the 

ATP turnover. Positive sensitivities can be found for reactions in the pentose phosphate 

pathway, indicating a slight shift in glucose catabolism to the pentose phosphate 

pathway. The sensitivity of the oxidative phosphorylation reactions are very low. Hence 

decreases in the ATP turnover is probably a result of the reduced glucose catabolism 

through glycolysis and not of decreased oxidative phosphorylation. The sensitivities of 

the TCA cycle reactions are negative, reflecting a decreased flux through this pathway. 

However, the supply of oxaloacetate from phosphoenolpyruvate to the TCA cycle 

through reaction 15 is increased. Hence, increased alanine uptake might result in a 

possible overflow related to the capacity of this reaction.

Perturbations in oxygen utilisation mainly affect reactions 51 and 52, the ATP turnover 

and oxidative phosphorylation of NADH respectively. Both indicate increased activity 

in response to increases in oxygen uptake. This is expected as oxygen utilisation is 

proportional to the oxidative phosphorylation. Increases in oxidative phosphorylation 

also cause an increased TCA cycle activity, and a slight shift in glucose catabolism from 

the pentose phosphate pathway to glycolysis, thought the latter is less insignificant.

Perturbations in CO2  evolution mainly affect reactions 2 and 9, the conversion of 

glucose-6-phosphate to fructose-6-phosphate in glycolysis and the conversion of 

glucose-6-phospate to ribulose-5-phosphate in the pentose phosphate pathway
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respectively. The sensitivity of reaction 2 is negative, indicating decrease and the 

sensitivity of reaction 9 in positive, indicating increase. Hence, a shift in glucose 

catabolism towards the pentose phosphate pathway may be expected. This is logical 

given the CO2 production resulting from reaction 9. Inspecting the remaining 

sensitivities of the central pathways, reveals that the remaining pathways are relatively 

unaffected by perturbations in the CO2 evolution.

Summarising for Table 8-1, the reaction flux which was most frequently affected by 

perturbations in the measured reaction rates is the ATP turnover, or reaction 51. Hence, 

the energy balance of the cell is easily perturbed by external parameters which agrees 

well with the general view of a prime candidate for an overall metabolic control factor 

(Bailey and Ollis, 1986; Stryer, 1988). Further, the split of glucose catabolism between 

the Embden-Meyerhof pathway and the pentose phosphate pathway seems to be 

controlled by the specific growth rate, the alanine uptake rate and the gas evolution and 

utilisation rates. For the alanine and the CO2 , the control is related to excess carbon, 

whereas for the specific growth rate and the O2 the control is related to energy and co

factors. Acid secretion seems to increase energy production and also seems related to 

fluxes around the metabolic branch point of phosphoenolpyruvate. The 

phosphoenolpyruvate branch point has been investigated in a number of studies (Kiss 

and Stephanopoulos, 1992; Vallino and Stephanopoulos, 1993; Vallino and 

Stephanopoulos, 1994a, 1994b) and has generally been implicated as an important site 

of flux control. The glycolytic activity was mainly seen to increase in response to 

positive perturbations in the measured fluxes. Only when alanine was increased did the 

glycolytic pathway show decreased activity. The TCA cycle activity was mainly seen to 

decrease, but in the event of increased oxygen utilisation the opposite was true. Hence, 

increases in glucose uptake or specific growth rate could ultimately result in a carbon 

overflow in the glycolytic pathway or the TCA cycle due to the formation of a possible 

metabolic bottleneck between the two pathways.

The type of sensitivity analysis carried out above, is not only useful when investigating 

the impact on pathways from perturbations in substrate feed rates and by-product 

production rates, but can also be used when investigating the addition of new pathways 

or the production of valuable products such as polyketides, commonly produced by
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many Streptomyces strains. As no fermentation data is required, this is a method with 

great potential for preliminary analysis of any system.

The second sensitivity equation presented in this chapter, Eq. 8-12, allows the 

investigation into effects on the metabolic pathways as a result of changes in biomass 

composition. This is especially useful if the biomass composition of the investigated 

strain is not available, and an approximation has to be used. Monomer composition of a 

specific strain may also change slightly with varying growth conditions and/or the 

different phases of a fermentations. The process of determining a monomeric 

composition is very laborious and expensive and hence, before committing cost and 

time to such a study one should consider the implications of using an assumed 

composition taken from a typical bacterial cell such E. coli. The monomeric 

composition of bacterial strains in general might not be significantly different. The 

protein, DNA, peptidoglycan etc. will have been assembled differently, but the overall 

composition may be similar. A variation of more than 20 % in each of the monomeric 

components is not likely. Hence, if this is chosen as an upper limit, an investigation into 

the impact on the flux patterns given this maximum change in biomass composition can 

be achieved.

As monomeric compositions for Streptomyces bacteria are currently unavailable, the 

biomass composition and biochemical demands assumed for S. lividans in reaction 54 

were taken from a typical E. coli cell (Ingraham et al., 1983). This study assesses the 

implications of this assumption given a 20 % change in each of the biomass monomeric 

components at a maximum possible specific growth rate of 0.15 h r 1. Using Eq. 8-12, 

appropriate values for dxc were calculated and normalised assuming a biomass yield on 

glucose o f 0.5 (Bailey and Ollis, 1986). The maximum and average normalised changes 

in the calculated fluxes are presented in Table 8-2.
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Table 8-2, Percentage change in the calculated fluxes in response to a 20 % change in 

each of the biomass components at a maximum specific growth rate of 0.15 hr'1. The 

biomass yield on glucose was assumed to be 0.5 g/g and calculating the fluxes are 

presented as ratios of the resulting glucose uptake rate.

Metabolite Average
%

Maximum
%

Maximum Reaction

G6P 0.06 0.18 R4, R5
F6P - 0.12 R4, R5
ATP 0.18 7.72 R51
GAP - 0.18 R51
R5P - -

PG - -

NADH - -

PEP - 0.06 R4,R5
PYR - 0.06 R5,R6
AcCoA 0.48 3.17 R7, R51
NADPH 1.14 6.41 R2, R9
S7P - 0.06 R4, R5, R13
OAA - 0.06 R9, R10, R15
AKG 0.12 0.72 R51
GLN 0.12 1.62 R51
ASP 0.06 1.02 R51
GLU 0.24 2.69 R51
UMP 0.06 0.18 R21
CMP 0.06 0.24 R21,R22
MTHF - 0.18 R51
TMP - 0.12 R51
GLY 0.30 3.05 R51
AMP 0.06 0.90 R51
GMP 0.12 1.08 R51
PHE 0.06 0.30 R29
TYR 0.06 0.24 R30
SER 0.06 0.66 R51
TRP - 0.12 R5, R10, R51
ALA 0.18 2.04 R51
VAL 0.18 1.74 R51
LEU 0.30 2.34 R51
PRO 0.12 0.42 R2, R7
ARG 0.12 0.72 R51
ASN 0.12 1.38 R51
LYS 0.12 1.38 R51
MET 0.12 0.54 R51
THR 0.12 0.66 R2, R7
ILE 0.18 0.84 R2,R7
CYS - 0.18 R46, R51
HIS 0.06 0.24 R51

As can be seen from Table 8-2, generally, the most frequently affected reaction is 

reaction 51, or the ATP turnover. The changes in flux varies from 7.72 % for changes in 

direct ATP requirements to 0.12 % for changes in metabolites such as TMP and TRP. 

Changes in ATP demand also causes the overall largest change in flux, 7.72 % in
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reaction 51 (ATP turnover). Hence a 20 % increase in the ATP demand for growth 

purposes only results in a 7.72 % increase in the overall ATP turnover. This may be 

significant, but the average change of flux in response to changes in the ATP demand is 

only 0.18 %, a highly insignificant value.

The highest average change in flux is caused by a 20 % change in the NADPH demand 

which results in an average change of 1.14 %. None of the flux changes indicated in 

Table 8-2 are very large, or significant. It may therefore be concluded that possible 

changes in the biomass composition will have little or no impact on the primary 

metabolic fluxes. Given this evidence, it was concluded that using a typical E. coli 

monomeric composition to represent Streptomyces lividans biomass composition and 

biochemical demands will not significantly affect the calculated flux patterns.

8.7 CONCLUSION

A method demonstrating how a consistent set of metabolic reactions may be 

systematically chosen to create a fully solvable flux analysis model was presented. 

Using the outlined methodology, a well balanced flux model for S. lividans primary 

metabolism was constructed and used as a basis for further analysis.

Two new methods for sensitivity analysis, based on stoichiometry only, were developed. 

Using these methods the impact of perturbations in the measured fluxes on the 

remaining metabolism and also the impact of changes in biomass composition on the 

calculated metabolic reactions were analysed.

The major control points in the metabolism for each of the measured fluxes were 

identified using the first sensitivity method and hence, it was possible to create a picture 

of what in general controlled different parts of the metabolism. Changes in oxygen 

utilisation was found to have the greatest impact on the flux patterns and the oxidative 

phosphorylation and the glycolytic pathway : pentose phosphate pathways split ratio 

were in general the metabolism most seriously affected by changes in the measured 

fluxes. The sensitivity analysis is universal and may also be used to investigate the 

effects of introducing new engineered pathways, or for example the effects of increasing 

the production o f a valuable secondary metabolite such as a polyketide. Hence, the
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method may help foresee problem areas that could arise when genetically manipulating 

metabolic pathways in a strain.

The second sensitivity analysis method was used to demonstrate that a 20 % change in 

the demand for any of the biomass building blocks would not affect the calculated flux 

patterns significantly. Hence, it was concluded that using an E. coli biomass 

composition to represent S. lividans biochemical demands is an acceptable assumption.

The method for identifying dependent reactions and the classification procedure 

outlined in this chapter present a structured approach to model construction. Together 

with the sensitivity analysis developed they are powerful tools for rapid system 

identification and investigation prior to practical experiments and actual flux analysis 

and hence, should be employed on a regular basis for model development and 

experimental design.
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9. RECONCILIATION AND ERROR DETECTION FOR FLUX 

ANALYSIS OF BATCH FERMENTATION DATA

The work presented in this chapter was submitted for publication to “Metabolic 

Engineering” February 1999 under the title: Reconciliation and error detection for flux 

analysis of batch fermentation data. The paper was co-authored with Dr. Andrew P. 

Ison.

9.1 SUMMARY

The importance of flux analysis as a tool in understanding cellular metabolism has been 

established. However, the mathematical methods used for gross error detection and raw 

data improvement before the flux analysis is carried out are not so well established. 

These methods are especially important when raw data from batch or fed-batch 

fermentations are employed as such data sets are inherently inaccurate. A thorough and 

systematic mathematical approach for improving the accuracy of raw data and detection 

of gross errors is presented and applied to a suitable example of a Streptomyces lividans 

batch fermentation. It was found that the raw data frequently contained gross errors, but 

that these could be removed by excluding the measurement within which the error 

resided and hence, successful reconciliation of the raw data and flux analysis could be 

carried out. Without these additional rigorous mathematical methods no meaningful flux 

patterns could have been calculated from the given sets of raw data and hence, the 

importance of the approach is clearly illustrated.
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9.2 NOMENCLATURE

5 Standard deviation

71 Magnitude of error in e

Residual fit of vector v

e Residuals vector

A2 %2-distributed test function for vector comparison

%2 Normal chi-squared distribution

E Stoichiometric matrix of metabolic reaction network

E [e] Expected value of e

Ec Stoichiometric matrix of calculated reactions

Em Stoichiometric matrix of measured reactions

I Identity matrix

h€ %2-distributed test function

P e Covariance matrix for the residual vector e

h Covariance matrix for the calculated reaction fluxes

\ Covariance matrix for the measured reaction fluxes

\ Covariance matrix for the reconciliated measured reaction fluxes

R Redundancy matrix

R ’ Reduced redundancy matrix of full rank

r Vector of reaction fluxes

rc Vector of calculated reaction fluxes

rm Vector of measured reaction fluxes

rm Vector of measured reaction fluxes
A

rm Vector of reconciliated measured reaction fluxes

V Comparison vector

E.B. Daae, 1999 PhD Thesis Page 132



9.3 INTRODUCTION

The importance of flux analysis as a method of investigating cellular metabolism has 

become more and more evident over the past few years (Holms, 1986, 1987; El-Mansi 

and Holms, 1989; Majewski and Domach, 1990; Kiss and Stephanopoulos, 1992; 

Vallino and Stephanopoulos, 1993; Varma et a l , 1993;Varma and Palsson, 1994; 

J0rgensen et a l , 1995; Edwards and Palsson, 1998). It has for example aided in the 

identification and understanding of the mechanism of acid production in E. coli (El- 

Mansi and Holms, 1989; Majewski and Domach, 1990) and rigid metabolic branch 

points interfering with amino acid overproduction have been found in Corynebacterium 

glutamicum (Vallino and Stephanopoulos, 1994a,b). Information on cellular events and 

mechanisms obtained from flux analysis studies have in general greatly aided metabolic 

engineering work and the development of optimum feeding strategies (Varma et a l , 

1993; Goel et a l , 1995; J0rgensen et a l ,  1995; Sahm et a l ,  1995; Kelle et a l ,  1996; 

Eggeling et a l ,  1997; Marx et a l ,  1997).

The majority of flux analysis studies are carried out on data from continuous cultures 

because of the ease of analysis of such data. However, for certain cell types this is not a 

suitable cultivation method if the results need to be industrially relevant. These cells 

typically go through distinct physiological stages throughout a batch or fed-batch 

fermentation triggering product production. Hence, an understanding of the cellular 

metabolism in this dynamic state is required if a suitable appreciation of product 

formation and metabolic developments leading up to the event are to be found.

Flux analysis of batch and fed-batch fermentation data is a difficult task due to the 

nature of the process operation, which is dynamic. In practical terms this means that the 

fluxes or reaction rates cannot be measured directly as in continuous cultures but must 

be calculated from concentration measurements as averages over time, or as in the case 

of off-gas data, as averages of rates over time. Hence, the errors and measurement noise 

introduced are often quite significant. Before a set of such data is used for flux analysis 

the accuracy of the data should be improved and gross errors causing serious distortion 

of the flux patterns should be identified and if possible removed.
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A systematic method for improving the raw data and detecting gross errors is therefore 

required. This chapter present a method of data reconciliation and two recognised 

methods of gross error detection. The methods are outlined and applied to a set of data 

from a Streptomyces lividans batch fermentation. Streptomyces bacteria are typical 

examples of bacterial cells which frequently need to be grown in batch or fed-batch in 

order to produce the desired product, often an antibiotic. Hence, S. lividans is an ideal 

candidate for testing the approach.

9.4 MA TERIALS AND METHODS

As described in chapter 5 on materials and methods. The medium used to grow the 

bacteria was type C (with alanine).

9.5 DATA RECONCILIATION

In systems where redundant measurements are taken, it is possible to improve the 

accuracy of the data by balancing the measurements using a given set of conservation 

equations. However, the following assumptions must hold:

1. The measured conversion rates are non biased by systematic errors, or contain 

relatively large random errors due to systematic measurement noise.

2. The set of linear constraint equations is valid; i.e. no relevant compound has been 

omitted from the system description and the reactions are all consistent.

The presented method of reconciliation was first described by Wang and

Stephanopoulos (1983) and later by van der Heijden et al. (1994a) for systems of

elemental balances. This chapter shows the application of the same method to a

metabolic reactions network used for flux analysis.

The process of reconciliation requires mathematical relationships relating the flux 

measurements in question. In the system under investigation, the fluxes are related via a 

network of metabolic reactions presented by stoichiometric relationships laid out in a
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matrix E, (were the columns represent the reactions and the rows the metabolites 

involved in these reactions). The mathematical description of the relationship between 

the reaction rates (or fluxes) and the metabolic network is given in Eq. 8-1 (chapter 8). 

Reconciliation serves the purpose of balancing the measured reaction rates to make 

them exactly satisfy the conservation relationships in matrix E.

The redundancy matrix, defined in Eq. 8-6 (chapter 8) plays an essential part in the 

reconciliation procedure. The redundancy matrix is frequently not of full rank and 

before proceeding with calculations the dependent rows of R must be removed. This can 

be done by a simple column reduction method similar to the row reduction method 

described in chapter 8 and in Daae and Ison (1999a). When the dependent rows of the 

redundancy matrix are successfully removed, the reduced redundancy matrix is termed 

R \  Now, Eq. 8-5 (chapter 8) may be rewritten as:

R 'r  =em

Eq. 9-1

Random measurement noise in vector rm means that in reality the right hand side of Eq.

8-5 is never exactly zero but a vector of residuals, e , reflecting this noise. The objective 

of reconciliation is to minimise the size of vector e , obtaining an accurate as possible 

set of data for rm from which rc can be calculated.

Apart from the reduced redundancy matrix, a further two mathematical quantities are 

necessary to complete the reconciliation procedure, the covariance of the measurements 

and the covariance of the residuals vector, e . The covariance matrix of e  is a function 

of the reduced redundancy matrix and the measurements covariance matrix and can 

therefore easily be calculated.
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Having obtained all the necessary elements needed for reconciliation, the reconciliated 

vector o f measured rates and its covariance matrix can be calculated from:

Eq. 9-3

Eq. 9-4

If the reconciliation is satisfactory, as will be discussed below, the remaining reaction 

fluxes, rc may be calculated using Eq. 8-4 and the reconciliated vector rm. The 

covariance matrix of these calculated fluxes is determined using:

To ensure that the reconciliation process actually enhances the accuracy of the raw data, 

the two assumptions made for reconciliation should be checked using gross error 

analysis. If gross errors are found, then the source should be identified and removed if 

possible. Two methods suitable for gross error analysis of flux data are the serial 

elimination method (Wang and Stephanopoulos, 1983) and the vector comparison 

method (van der Heijden et al., 1994b). In this chapter both methods are used and 

compared.

Eq. 9-5

9.6 GROSS ERROR DETECTION
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The presence of errors in either the measured set of reactions or the system description 

is detected when the length of the residual vector e  differs significantly from zero. An 

appropriate statistical test employed by several authors (Wang and Stephanopoulos, 

1983; van der Heijden et al., 1994b; Noorman et a l ,  1996) is expressed as follows:

he = e T P~l - e

Eq. 9-6

he is %2 ~ distributed with a number of degrees of freedom equal to the rank of P e . An 

error is significant if he > %2. This test is under the assumption that no systematic errors 

are present (for the appropriate number of degrees of freedom and the desired 

confidence level).

If a gross error is identified two approaches can be taken; the serial elimination method 

or the vector comparison method. Using the vector comparison method, effects on 

single or multiple errors in the measured rates can be expressed by rewriting Eq. 9-1:

R ' l ' t n l  +  R \ ' ?m2 ^ ‘ " + R ' i ' ?mi  +  ' "  +  R ' m ' f mm

Eq. 9-7

in which R \  to R ’m denote the columns of the redundancy matrix. In case of a single 

systematic error of magnitude ;rin rm„ the expected value of e  is:

E [e ]  = R'r n

Eq. 9-8

Hence, the residual vector e  should resemble the column of matrix R ’ that correspond 

to the erroneous measurement, being partly distorted by random measurement noise. In 

case of a significant random error in one of the measured rates, the vector of residuals 

should also take more or less the direction of the corresponding column of R ’. This can 

also be applied to multiple errors: if two errors are present, the residual vector must be a
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linear combination of the two corresponding columns of matrix R ’. A statistical test 

have been developed to compare the direction of these vectors (van der Heijden et a l ,  

1994b) and is expressed as follows:

A2 = e T Pe l - e  -
( e r -Pe’ -v)

(v ' - .p - ' .v )

Eq. 9-9

where v is any column vector or a combination of column vectors of the reduced 

redundancy matrix R ’. A2 is 2? distributed. The degrees of freedom for this distribution 

is the rank of matrix Pe minus one. The probability of obtaining a residual vector of the 

form given by e , given an error, is:

Y = p( A2 < x 2)

Eq. 9-10

where 'F is the residual fit of vector v, describing how well the residual vector 6 

compares with v. If 'F becomes too small, it should be concluded that v does not 

resemble e , and therefore the corresponding error source is not suspected according to 

the test. A high value for *F indicates that the corresponding error source can cause a 

residual vector of the observed form. However, more than one vector v can be a good fit 

of the residual vector e . Therefore, the method emphasises that 'F is not the probability 

that E is caused by this error.

The serial elimination method leaves out one redundant measurements at a time and 

calculates a new value for he for each of these cases. The data set is corrected by 

removing the measurement corresponding to the lowest he .There are two drawbacks of 

this method. Firstly it is difficult to check for combinations of measurements 

contributing to a gross error. Secondly, errors may be present in measurements that are 

not redundant, hence they cannot be removed from the calculation set as they are also 

vital for the complete calculation of the reaction fluxes described in vector rc. To a
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certain degree it is possible to get around the second problem by increasing the standard 

deviation of the measurement to the absolute value of the actual measurement or an 

equivalent value. The first problem is more difficult. However, if the reduction in he is 

not significant by removing any of the measurements, one can always try to remove 

combinations. If this does not help, the error may be assumed to be so widely distributed 

that the data cannot be reconciliated successfully or that an error has been made in the 

stoichiometric definition in the matrix E.

9.7 MATHEMATICAL PROGRAMMING

The analysis presented above was programmed into MATLAB subroutines which could 

be called from Microsoft Excel. The exporting and importing of data between the two 

programs were done via Dynamic Data Exchange controlled by subroutines 

programmed in Visual Basic for Applications.

9.8 AN EXAMPLE

A 20 L batch fermentation of Streptomyces lividans bacteria in defined media was 

carried out as specified in the materials and methods section. The stoichiometry chosen 

for flux analysis purposes consisted of 57 reactions and 53 metabolites. A list of these 

reactions is given in Appendix B. A diagrammatic outline is also shown in Figure 8-1. 

The selection and justification of this reaction network is discussed in chapter 8 and in 

Daae and Ison (1999a).

Table 9-1, Raw data measurements from S. lividans TK24 fermentation.

time
(hrs)

biomass
(g/L)

glucose
(mM)

pyruvate
(mM)

a-ketoglutarate
(mM)

alanine
(mM)

o 2
(mmol/L/hr)

C 02
(mmol/L/hr)

0.00 0.10 29.22 0.74 0.11 27.64 0.3 0.30

6.75 0.15 28.16 0.99 0.24 27.00 0.5 0.50

22.75 0.97 11.15 5.22 0.74 20.00 4 4.00

30.75 1.76 0.14 8.36 0.98 12.15 6.5 6.50

46.75 2.53 0.00 7.84 1.22 2.84 3.5 3.50

50.75 2.52 0.00 6.40 1.16 0.00 3.5 3.50
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Table 9-2, “Measured” fluxes (calculated from Table 9-1) of S. lividans TK24 fermentation.

R54 R1 R8 R17 R55 R56 R57

time
(hrs)

specific 
growth rate 

(hr1)

glucose 
uptake rate 
(mmol/g/hr)

pyruvate
secretion

rate
(mmol/g/hr)

ketoglutarate 
secretion rate 
(mmol/g/hr)

alanine 
uptake rate 
(mmol/g/hr)

02 utilisation 
rate 

(mmol/g/hr)

C02 
evolution rate 
(mmol/g/hr)

3.4 0.061 1.268 0.302 0.153 0.757 3.213 3.213

14.8 0.092 1.891 0.470 0.056 0.778 4.004 4.004

26.8 0.072 1.008 0.288 0.022 0.719 3.847 3.847

38.8 0.023 0.004 -0.015 0.007 0.271 2.332 2.332

48.8 -0.001 0.000 -0.142 -0.007 0.281 1.385 1.385

6 0.005 0.090 0.020 0.020 0.060 0.500 0.400

Assays of the fermentation samples were carried out according to the specifications 

given in the materials and methods section. The resulting raw data are given in Table

9-1. Using this data set, the “measured” reaction fluxes were calculated as shown in 

Table 9-2. Hence, vector rm was composed of the specific growth rate, the glucose 

uptake rate, the pyruvate secretion rate, the a-ketoglutarate secretion rate, the alanine 

uptake rate, the O2  utilisation rate and the CO2  evolution rate. This partition of the 

reaction rate vector, r provided an over-determined fully calculable system where 

redundant measurements were present according to the classification procedure 

described in chapter 8. Hence, successful reconciliation of the data should, in principle, 

be possible.

The standard deviation (or error) assigned to each of the flux “measurements” are also 

shown in Table 9-2. The errors for the specific growth rate, the glucose uptake rate, the 

pyruvate secretion rate, the a-ketoglutarate secretion rate and alanine uptake rate were 

assumed to be approximately 10 % of the average “measured” flux respectively. The 

errors assigned to the O2  and C 0 2 reaction rates were assumed to be 12-15 % of the 

average “measured” flux respectively. These values reflected the maximum expected 

levels of noise in the data.

The measured reaction flux covariance matrix, P? , was calculated from the standard 

deviations squared, The reduced redundancy matrix, R \  was found using Eq. 8-6
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before removing the dependent rows. The residuals covariance matrix, P e, was 

calculated from Eq. 9-2 and finally for each time point the reconciliated vector of 

measured fluxes, rm, was calculated using Eq. 9-3.

Table 9-3, he values from for the complete data set and from the serial elimination.

he values

time
(hrs)

no data 
removed

glucose
removed

pyruvate
removed

ketoglutarate
removed

alanine*
removed

o 2
removed

c o 2
removed

3.4 15.91 4.22 4.92 5.15 12.53 13.54 13.57

14.8 62.39 2.66 5.04 5.99 58.46 52.96 47.64

26.8 0.85 0.03 0.08 0.09 0.83 0.69 0.67

38.8 16.47 0.39 0.97 1.21 15.82 14.07 12.34

48.8 17.02 14.21 14.38 14.43 2.51 16.44 16.47

Deg.
freedom 3 2 2 2 3 2 2

* Alanine could not be removed from the system without causing some o f the reactions 
to be none calculable. Hence, the error was increased to the average flux.

90 % confidence interval at 2 degrees o f freedom is 4.61. A t 3 degrees-of-freedom it is 
6.25.

To assess whether or not the reconciliation had been successful gross error analysis, as 

described above, was performed on each of the data sets. Hence, the %2 distributed test 

function h<= was calculated for each time point. The results of this analysis is shown in 

Table 9-3 under the column headed “No data removed”. As can be seen from the values, 

all the data sets apart from the one at 26.8 hrs failed the 90 % confidence test. Hence, 

gross errors were present within the data set and the reconciliation had in general not 

been successful.
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Table 9-4, Results from vector comparison.

time

(hrs) specific
growth

glucose
uptake

pyruvate
secretion

ketoglutarate
secretion

alanine
uptake

o 2
uptake

c o 2
evolution

3.4 0.00 0.12 0.09 0.08 0.00 0.00 0.00

14.8 0.00 0.26 0.08 0.05 0.00 0.00 0.00

26.8 0.67 0.98 0.96 0.96 0.66 0.71 0.71

38.8 0.00 0.82 0.62 0.55 0.00 0.00 0.00

48.8 0.15 0.00 0.00 0.00 0.33 0.00 0.00

In an attempt to identify the source of the gross errors, a vector comparison analysis and 

the serial elimination method was employed. The results from the serial elimination are 

shown in the subsequent columns of Table 9-3 and the results from the vector 

comparison is shown in Table 9-4. According to both methods of analysis the glucose 

measurement was mainly contributing to the gross error at 3.4, 14.8 and 38.8 hrs. At 

48.8 hours the alanine measurement was identified as having the greatest contribution to 

the gross error. As can be seen from Table 9-3, the serial elimination method was most 

useful as it immediately gave the answer to whether the data set could be reconciliated if 

the corresponding measurement was removed, whereas the vector comparison analysis 

only gave an indication of how likely the error was to reside within a particular 

measurement. The advantage of the vector comparison method is that this method may 

be used on combined vectors if necessary. With serial elimination, more than one 

measurement can deleted at the time, but requires that the deleted measurements are 

redundant. Hence, vector comparison may be a more useful for experimental planning 

than the serial elimination method. However, when data reconciliation is concerned, the 

two methods are probably as good as each other, and if  anything are complementary.
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Table 9-5, Reconciliated “measured” reaction fluxes.

R54 R1 R8 R17 R55 R56 R57

Time
(hrs)

specific growth 
rate (h r1)

glucose uptake 
rate 

(mmol/g/hr)

pyruvate 
secretion rate 
(mmol/g/hr)

ketoglutarate 
secretion rate 
(mmol/g/hr)

alanine uptake 
rate 

(mmol/g/hr)

O2 utilisation 
rate 

(mmol/g/hr)

CO2 evolution 
rate 

(mmol/g/hr)

3.4 0.067 (0.004) 0.906 (0.055) 0.301 (0.020) 0.153 (0.020) 0.662 (0.038) 3.327 (0.313) 3.140 (0.312)

14.8 0.087 (0.004) 1.074 (0.055) 0.470 (0.020) 0.056 (0.020) 0.853 (0.038) 4.089 (0.313) 3.949 (0.312)

26.8 0.072 (0.004) 0.939 (0.047) 0.289 (0.020) 0.025 (0.020) 0.714 (0.038) 4.012 (0.271) 3.968 (0.273)

38.8 0.025 (0.004) 0.428 (0.055) -0.015 (0.020) 0.007 (0.020) 0.243 (0.038) 2.306 (0.313) 2.349 (0.312)

48.8 -0.001 (0.005) 0.114 (0.047) -0.145 (0.020) -0.011 (0.020) -0.015 (0.049) 1.107 (0.271) 1.188 (0.273)

The standard deviations are shown in parenthesis.

As can be seen from the results in Table 9-3 the data could be successfully reconciliated 

by removing the glucose measurement at 3.4, 14.8 and 38.8 hours and increasing the 

standard deviation of the alanine measurement at 48.8 hours. The reconciliated 

“measured” fluxes are shown in Table 9-5. As can be seen the standard deviations of the 

reconciled measurements are improved with respect to the raw data. This is a feature of 

the method (van der Heijden et al., 1994b) and underlines the purpose of reconciliation, 

namely to improve the accuracy of the data set.

Using the reconciled data it was easy to calculate the remaining fluxes using Eq. 8-4 and 

the corresponding covariances from Eq. 9-5. The results from these calculations are 

shown in chapter 10.
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9.9 CONCLUSION

A thorough systematic mathematical method for improving the accuracy of fermentation 

data to be used in flux analysis was outlined and demonstrated. Using the suggested 

approach results with defined confidence intervals and error bounds were obtained.

For batch or fed-batch fermentation data where the accuracy of flux or reaction rate 

measurements may be poor, it is of utmost importance to be able to determine the most 

correct data set and to identify and remove measurements containing gross errors. The 

presented process of reconciliation and gross error detection perform these tasks 

successfully. However, the method does require at least one redundant measurement in 

addition to the required minimum for flux calculation, but this should not be a problem 

in most cases.

The example presented in this chapter clearly demonstrated that using a set of raw data 

“measured” fluxes from a batch fermentation without any further adjustments in flux 

analysis calculations, would in the majority of cases produce erroneous flux patterns, 

hence, proving the importance of data reconciliation and gross error detection for similar 

systems.
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10. FLUX ANALYSIS OF STREPTOMYCES LIVIDANS TK24 

BATCH FERMENTATIONS

The work presented in this chapter was submitted for publication to “Biotechnology and 

Bioengineering” in April 1999. The paper was co-authored with Dr. Andrew P. Ison.

10.1 SUMMARY

Systematic genetic methods based on rigorous physiological models have recently 

shown great potential, enabling a tailored redirection of the cellular resources towards 

product formation. These mathematically presented physiological models have been 

developed for a number of well defined species and a similar approach should also be 

applicable to Streptomyces bacteria, particularly as the complete genome is now under 

intensive study. A flux analysis model for Streptomyces lividans is presented and data 

from three batch fermentations were analysed using this model. A number of 

physiological trends were observed, and strain specific parameters identified. The model 

predicted high activity in the pentose phosphate pathway and the TCA cycle during the 

active growth phase and organic acid production seemed to be closely related to amino 

acid uptake. The predicted growth related ATP maintenance demand, 139 mmol/g- 

DCW, was high compared to most other bacterial species but lower than the value 

reported for Bacillus subtilis. This and some additional strain specific parameters were 

easily obtained from the flux analysis and may be used in further development of the 

flux model.
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10.2 NOMENCLATURE

g i  Rate of uptake or secretion of the gas i (CO2  or O2 )

1 Identity matrix

m, Measured concentration in fermentation broth of the soluble metabolite i 
(substrate or product)

n  Uptake or secretion rate of the soluble metabolite i (substrate or product)

rm Vector of measured reaction fluxes

rm Vector of reconciliated measured reaction fluxes

rx Specific growth rate

t Culture time

x  Biomass concentration

x  Average biomass concentration over time interval dt
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10.3 INTRODUCTION

The industrial importance of Streptomyces bacteria is mainly due to their ability to 

produce a wide range of antibiotics. Considering the importance of these products, 

surprisingly little is known about Streptomyces metabolism. Some secondary pathways 

leading to antibiotic production have been well researched (Bhatnagar et al., 1988; 

Beppu, 1992; Hobbs et al., 1992; Khaoua et al., 1992; Tata and Menawat, 1994; 

Bystrykh et al., 1996; Lounes et a l ,  1996; Hopwood, 1997), but generally very little is 

known about the primary metabolism providing precursors for these pathways 

(Bramwell et a l ,  1996).

The development of drug resistance demands new antibiotics, and global competition in 

the production of existing products requires the enhancement of current titres. 

Improvements based on conventional selective mutation methods have been 

successfully utilised in the past. However, more systematic genetic methods based on 

rigorous physiological models have recently shown great potential, enabling a tailored 

redirection of the cellular resources towards product formation (Sahm et al., 1995; Kelle 

et a l ,  1996; Eggeling et a l ,  1997; Marx et a l ,  1997). These mathematically presented 

physiological models have so far been developed for well defined species such as 

Escherichia coli (Varma et al., 1993), Corynebacterium glutamicum (Marx et al., 1997), 

Bacillus subtilis (Goel et a l ,  1995) and Penicillium chrysogenum (J0rgensen et al., 

1995). A  similar approach should also be applicable to Streptomyces bacteria, 

particularly as its complete genome is now under intensive study.

Flux analysis modelling is a powerful mathematical tool used successfully to analyse 

fermentation data and to predict metabolic events in a number of bacterial and non- 

bacterial strains (Holms, 1986; El-Mansi et a l ,  1989; Majewski and Domach, 1990; 

Kiss and Stephanopoulos, 1992; Savinell and Palsson, 1992a,b; Goel et al., 1993; Ko et 

al., 1993; Vallino and Stephanopoulos, 1993; Varma et a l ,  1993; de Hollander, 1994; 

Vallino and Stephanopoulos, 1994a,b; J0rgensen et a l ,  1995; Varma and Palsson, 1995; 

Zupke and Stephanopoulos, 1995; Vanrolleghem et al., 1996). It is based on the 

fundamental principle of mass conversion, and it only requires the knowledge of 

stoichiometric relationships within a metabolic network in addition to some strain
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specific parameters. No enzyme kinetics data is needed which is a great advantage and 

underlines the accessibility of the method. Authors such as Lindley (1995), Varma and 

Palsson (1994) and Edwards and Palsson (1998) have pointed out the potential of 

metabolic flux analysis as a tool in metabolic engineering. As genomic fingerprints of 

more and more strains become available, the presence and absence of various pathways 

can readily be identified and a mathematical picture in the form o f a flux analysis model 

can easily be constructed.

A metabolic flux model describing the primary metabolism of Streptomyces lividans 

was constructed in chapter 8 (Daae and Ison, 1999a). The application of this model to 

continuous fermentation data would be a straightforward operation. However, 

Streptomyces bacteria are predominantly grown in batch and fed-batch cultures for 

industrial purposes and have often very complex life cycles in batch fermentations. 

Hence, it is doubtful whether data obtained in a steady state culture would be 

particularly applicable to an industrial process.

Using data obtained from batch fermentations in flux analysis studies introduces a 

number of problems. Primarily, the data is less accurate due to inherent transient state of 

the system and secondly the fluxes cannot be directly measured but must be calculated 

as averages over periods of time, which introduces further inaccuracy. A rigorous flux 

analysis method, based on publications by Wang and Stephanopoulos (1983) and van 

der Heijden et a l  (1994a,b), for handling erroneous data and improving data accuracy, 

was developed in chapter 9 (Daae and Ison, 1999b). This method enables the flux 

analysis of erroneous batch data. Hence, it provides a way o f obtaining industrially 

relevant data for many species.

Results from flux analysis of three different S. lividans batch fermentations are 

presented. Trends in the reconciliated raw data and the resulting calculated internal 

fluxes are discussed, and some strain specific parameters and relationships, which may 

be used in the construction of a predictive flux analysis model, are identified.
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10.4 MATERIALS AND METHODS

As described in chapter 5.

10.4.1 COMPUTATIONAL METHODS

The ‘measured’ fluxes of all the soluble metabolites were calculated as averages 

between time points according to Eq. 10-1:

dm, 1r. = — L • — 
dt x

Eq. 10-1

The ‘measured’ fluxes of carbon dioxide evolution and oxygen utilisation were 

calculated slightly differently as they were already recorded as fluxes with respect to the 

reactor volume (mmol/L/hr). Hence, these rates were divided by the average biomass 

concentration for the given time interval to give fluxes with respect to biomass 

(mmol/g/hr):

Eq. 10-2

The specific growth rate was calculated as:

_ d x  1 

x d t x

Eq. 10-3

The metabolic reaction network was defined by Eq. 8-1 and Eq. 8-2 in chapter 8. 

Classification and sensitivity analysis for the chosen stoichiometry was carried out as
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described in chapter 8. Data reconciliation and error analysis was carried out as 

described in chapter 9 at a 90 % confidence interval. Reconciliation of the measured 

fluxes was performed to improve the accuracy of the data and hence, improve the 

estimates of the calculated fluxes. The measured fluxes were reconciliated using Eq. 9-8 

in chapter 9. The remaining reaction fluxes were the calculated using Eq. 8-4 in chapter 

8, substituting rm with the reconciliated ‘measured’ fluxes vector, . The covariance

and hence standard deviations of all the resulting fluxes were calculated as described in 

chapter 9.

All calculations were carried out by pre-programmed subroutines in MATLAB which 

were called from a Microsoft Excel interface providing all the necessary parameters. 

The exporting and importing of data was performed automatically through Dynamic 

Data Exchange (DDE) between Excel and MATLAB as specified by Visual Basic for 

Applications subroutines.
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Figure 10-1, Schematic outline of Strep tom yces lividans primary metabolism when grown 

on glucose and one amino acid; aspartate (A), valine (B) or alanine (C).
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10.5 RESULTS & DISCUSSION

Three fermentations of S. lividans were carried out as described in the materials and 

methods section. The media contained glucose and one amino acid; (A) aspartate, (B) 

valine or (C) alanine. The fermentations with valine or alanine as the sole nitrogen 

source both produced significant amounts of organic acids, whereas the fermentation 

carried out with aspartate as the sole nitrogen source only showed a low level of organic 

acid production.

The stoichiometry chosen for flux analysis purposes consisted of 57 reactions and 53 

metabolites. A list of these reactions is given in Appendix B. A diagrammatic outline is 

also shown in Figure 10-1. The grey boxes represent enzymes. The symbols in the grey 

boxes reflect the use of co-factors, and the numbers adjacent to the grey boxes 

correspond to the reaction number, also shown in the list in appendix A. The selection 

and justification o f all the major reactions in this reaction network was discussed in 

chapter 8 and Daae and Ison (1999a). L-Aspartate and L-alanine were assumed to be 

taken up directly via the central pathways, R55(A) and R55(C) respectively. L-Valine 

was assumed to be catabolised via valine dehydrogenase entering the TCA cycle via 

succinyl-CoA (R55(B)). (As succinyl-CoA is not included in the model reaction 

network, the reaction was carried forward to fumarate in the TCA cycle.) Any additional 

energy expenditure involved in the amino acid uptake would be accounted for in 

reaction 51 (R51).

The objective of this research was to compare and contrast the flux patterns of these S. 

lividans fermentations. As each fermentation generated from 5 to 7 progressive flux 

patterns, the presentation of each one of these was not practical. In batch fermentations, 

individual flux patterns are of limited interest, whereas sets o f progressive flux patterns 

from different fermentations can help explain physiological phenomenon, such as acid 

secretion and help to define common metabolic constraints that influence primary 

metabolism.
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Figure 10-2, Relative fluxes (with respect to glucose carbon uptake) of primary metabolic 

pathways for S. lividans cultured on glucose and alanine as the main carbon and 

nitrogen sources respectively.

The presented flux analysis study was concerned with the prim ary m etabolism . Hence, 

all the flux patterns shown are calculated from the onset o f growth to the start o f the 

stationary phase. Typical predicted relative carbon fluxes through m ajor m etabolic 

pathways are shown in Figure 10-2 to Figure 10-4. The first trend observed from the 

flux analysis study was the pattern o f relative flux activity in the pentose phosphate 

pathway. Early in the growth period, it can clearly be seen that the pentose phosphate 

pathway supported a high relative flux. The relative activity then decreased as the 

culture approached its stationary phase.
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Figure 10-3, Relative fluxes (with respect to glucose carbon uptake) of primary metabolic 

pathways for S. lividans cultured on glucose and aspartate as the main carbon and 

nitrogen sources respectively.

The pentose phosphate pathw ay was also the primary route o f glucose catabolism  during 

the early parts o f the culture. As seen in Figure 10-2 to Figure 10-4, 70 to 130 % (130 % 

indicate 100 % plus 30 % recycled carbon) of the glucose carbon was m etabolised via 

this route during the early stages. The important role o f the pentose phosphate pathway 

in Streptom yces glucose m etabolism  has previously also been reported by other authors. 

As early as the 1950’s, Cochrane and Peck (1953) used radiorespirom etry to determ ine 

the activity o f the pentose phosphate pathway. They found that S. reticuli and S. 

coelicolor utilised the pentose phosphate pathway as the prim ary glucose catabolic route 

for general m etabolism . Later, Salas et al. (1984) described a shift in the relative 

participation o f the Em bden-M eyerhof and the pentose phosphate pathw ays during 

germ ination o f S. antibioticus spores. They found that during spore germ ination, the
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pentose phosphate pathway continued to increase in participation in glucose m etabolism  

relative to the Em bden-M eyerhof pathway, until it was the prim ary route o f catabolism  

during exponential growth.
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Figure 10-4, Relative fluxes (with respect to glucose carbon uptake) of primary metabolic 

pathways for S. lividans cultured on glucose and valine as the main carbon and nitrogen 

sources respectively.

Some opposing evidence to a high pentose phosphate pathw ay activity is how ever also 

found in the literature. Dekleva and Strohl (1988a) reported that in Streptom yces  C5 the 

carbon flow through the Em bden-M eyerhof pathway was 3 tim es larger than that 

through the pentose phosphate pathway. A possible explanation for this inconsistency 

between different Streptom yces strains may be the difference in the N A D P+ 

requirem ents o f the enzym es glucose-6-phosphate dehydrogenase (G6PD H) and 6- 

phosphogluconate dehydrogenase (6PGDH) in the pentose phosphate pathway
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(represented by reaction 9). In S. lividans only the G6PDH is NADP+ dependent 

(Dekleva and Strohl, 1988a). But, in Streptomyces C5 both enzymes are NADP+ 

dependent (Dekleva and Strohl, 1988a). Hence, in the C5 strain two moles of NADPH  

will be generated for every mole of glucose entering the pentose phosphate pathway, 

whereas in S. lividans only one mole of NADPH would be produced. Hence, in order to 

produce the NADPH needed in biosynthesis, the flux through the pentose phosphate 

pathway in S. lividans would have to be about twice as high as that observed for the 

Streptomyces C5 strain. This explains the difference in observations, and agrees with the 

presented data.

The relative glycolytic flux (reaction 4, or the conversion of glyceraldehyde-phosphate 

to phosphoglycerate) is also shown in Figure 10-2 to Figure 10-4. (Note that this flux 

represents the glycolytic flux below the point where carbon is recycled from the pentose 

phosphate pathway.) The flux through this reaction is quite high during the first 24 

hours of the cultures. 60 to 90 % of the carbon assimilated as glucose is metabolised via 

this reaction. In Figure 10-2, 70 % of the glucose carbon can be seen enter this reaction. 

As only about 30 % of the glucose entering the cells in this fermentation was 

metabolised via the Embden-Meyerhof pathway (top part of glycolysis) the additional 

40 % must have been recycled from the pentose phosphate pathway. Hence, out of the 

70 % glucose entering the pentose phosphate pathway 30 % must have been lost in 

respiration or metabolised to biomass components. The rest returned to the glycolytic 

pathway. As the specific growth rate approaches zero at the end of the culture, the 

relative glycolytic flux approaches 100 and the relative flux through the pentose 

phosphate pathway approaches zero. As less and less new biomass is being generated, 

the need for NADPH is decreasing and so is the need for amino- and nucleic- acids 

metabolised from the pentose phosphate pathway. Hence, all the glucose was 

catabolised via the glycolytic pathway to provide ATP for maintenance.

The relative glycolytic flux increases towards the end of the culture and so does the 

relative TCA cycle flux. As the cultures approache a stationary phase, the relative 

activity of this pathway more than doubles. Dekleva and Strohl (1988a) reported that in 

a related species, Streptomyces C5, citrate synthase, the gateway enzyme to the TCA 

cycle, had a very strong activity relative to the glycolytic enzymes pyruvate 

dehydrogenase and pyruvate kinase. Further, Takebe et al. (1991) studying S.
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hygroscopicus reported that the TCA cycle enzyme malate dehydrogenase increased 

during the stationary phase whereas the remaining TCA cycle enzyme generally 

decreased. S. hygroscopicus does however possess a fully functional glyoxylate shunt, 

which was reported to be more active during stationary phase. This explained the low  

activity of the majority of the TCA cycle enzymes and the elevated activity of malate 

dehydrogenase (converting the product of the glyoxylate shunt to oxaloacetate). 

Glyoxylate cycle enzymes have not been detected in S. lividans (Dekleva and Strohl, 

1988a),

An increased TCA cycle activity during the stationary phase means that the anaplerotic 

pathways, supplementing the cycle, should also be more active. This is confirmed in a 

study by Dekleva and Strohl (1988b) on Streptomyces C5 were the PEP carboxylase (the 

enzyme converting phosphoenolpyruvate to oxaloacetate) was seen to increase 

significantly during stationary phase. In fact it more than doubled its activity. Similar 

observations were also been made by Bramwell et al. (1993) studying S. coelicolor and 

S. lividans grown on glucose.

The fermentations grown on alanine and valine produced the most significant amounts 

of organic acid. The relative internal fluxes for these fermentations are shown in Figure

10-2 and Figure 10-4. As can be seen in Figure 10-2, the relative carbon flux through 

the TCA cycle is more than adequate to deal with the glucose catabolism through the 

glycolytic pathway. It is therefore believed that any acid production in the form of 

pyruvate or a-ketoglutarate in this fermentation may have resulted from carbon taken up 

from another nutrient source such as an amino acid. Madden et al. (1996) reported that 

when S. lividans was grown on glucose and amino acids, secretion of organic acids 

occurred. However, when the amino acid was replaced by either nitrate or ammonium 

salts organic acid production ceased. The TCA cycle flux in the valine fermentation, 

seen in Figure 10-4, was considerably lower than the glycolytic flux during the active 

growth phase of the culture. Hence, in this fermentation the acid secretion may have 

been caused by a miss-match of metabolic activity between the glycolytic pathway and 

the TCA cycle.

Figure 10-2 to Figure 10-4 also show the relative amino acid uptake rates. It is 

interesting to note that these uptake rates follow the same trend as the pentose phosphate
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pathway. These two fluxes are linked through the specific growth rate. The pentose 

phosphate pathway provides nearly all the NA DPH co-factors necessary for growth, and 

the am ino acids are the only source o f nitrogen for all three ferm entations.
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Figure 10-5, Relative fluxes (with respect to the total carbon uptake) of waste products 

from S. lividans fermentation cultured on glucose and alanine as the main carbon and 

nitrogen source.

Figure 10-5 shows relative organic acid secretion rates in the alanine grown. In this 

ferm entation, pyruvate and a-ketoglu tarate were secreted up until about 39 hours, after 

which time both acids were re-assim ilated. As can be seen from the graph, the relative 

secretion o f pyruvate was equivalent to approxim ately 15 % of the total carbon uptake 

rate until 36 hours. The secretion o f a-ketoglu tarate only accounted for a m axim um  of 8 

%. The re-assim ilation o f acids seen at the end o f the culture is frequently observed in 

Streptom yces cultures (Ahm ed et a l., 1984; D ekleva and Strohl, 1987; Hobbs et al., 

1992; W rigley-Jones et al. 1993) and may serve to fuel the increased activity o f the 

TCA cycle as predicted by the flux analysis.
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Figure 10-6, Reconciliated glucose uptake rates plotted versus glucose concentrations 

for 3 different S. lividans fermentations.

In Figure 10-6 the reconciliated glucose uptake rates are plotted versus the glucose 

concentration for the three different S. lividans ferm entations investigated. A possible 

relationship for glucose uptake kinetics can be envisaged at a m axim um  uptake rate of 

about 0.8 to l.O m m ol/g/hr with a half-saturation constant at around 5 m m ol/L. The 

original raw data (not shown) was far more scattered, and difficult to interpret. Hence, 

the reconciliation process not only increased the relevancy o f the data, but also clarified 

trends.

E.B. Daae. 1999 PhD Thesis Page 159



0 .9  -

=S 0 .8  -

0 .7  -

0.6  -

0 .5  -

0 .4  4-

o>

0 .0 5-0 .0 5  -0 .0 3  -0.01 0 .03 0 .0 70.01 0 .0 9 0.11

specific growth rate (1/hr)

Figure 10-7, Reconciliated glucose assimilation data plotted versus specific growth rate 

for three different S. lividans fermentations. (y= 8.85x + 0.22, R2=0.78)

In Figure 10-7 the reconciliated glucose uptake rates and specific growth rates are 

plotted. The resulting slope of the regression curve and intercept gives the growth 

associated glucose requirem ents and the m aintenance associated glucose requirem ents 

respectively. G lucose m aintenance requirem ents was estim ated to 0.22 m m ol/g/hr and 

the growth associated dem and to 8.85 m m ol/g-D CW . If each mole o f glucose 

potentially generates 26.66 moles o f ATP (from the assum ed stoichiom etry) the non

growth associated ATP m aintenance demand based on glucose consum ption can be 

calculated to be 5.85 m m ol/g/hr. This value corresponds well with a figure o f 5.87 

m m ol/g/hr, reported in a study by Varma et al. (1993) w hen fitting experim ental data to 

a flux model for E. coli. The growth associated glucose dem and can be expressed as 

biom ass yield on glucose, which comes to 0.63 g-D C W /g-glucose. This is high, but still 

reasonable (Bailey and Ollis, 1986).
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Figure 10-8, Reconciliated amino acid uptake rate data from three different fermentations 

of S. lividans.

The ferm entations carried out in valine or alanine-containing m edium  both showed 

significant acid production. How ever, the ferm entation carried out in aspartate m edium , 

only had negligible acid production. This is unexpected since both the valine and the 

aspartate ferm en tat ions had sim ilar high C:N ratios, w hereas the C:N ratio o f the alanine 

ferm entation was lower. It should be expected that the two ferm entations with high C:N 

ratios would both give high acid production. The reconciliated am ino acid uptake rates 

are plotted against the respective am ino acid concentrations in Figure 10-8. Apparently 

the two ferm entations which showed high acid production seem to have lower 

m axim um  am ino acid uptake rates, w hereas the ferm entation grown on aspartate which 

did not produce much acids, had a higher m axim um  am ino acid uptake rate. This may 

be an im portant observation and could have crucial im plications for m edia design. The 

data implies that the actual uptake rates o f the different com ponents are more im portant
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than the C:N ratios o f the media. A m m onia and nitrate are regarded as rapidly consum ed 

nitrogen sources, and this m ight be one o f the reasons why acid production was 

prevented upon addition o f these substrates to S. lividans cultures in a study by M adden 

et al. (1996).
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Figure 10-9, Reconciliated pyruvate secretion data plotted versus the specific growth rate 

in three different S. lividans fermentations.

Plotting reconciliated pyruvate secretion rates versus specific growth rates, as seen in

Figure 10-9, reveals other im portant trends in the data. First o f all it can be seen that the 

points generated from the two ferm entations grown on alanine and valine respectively, 

fall on a sim ilar gradient. The ferm entation containing aspartate reaches a higher 

m axim um  growth rate but has hardly any acid production. The overlapping trends in 

pyruvate secretion for the two ferm entations with significant acid production m ight be a
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coincidence, or possibly a resultof the sim ilar m axim um  am ino acid uptake rates 

observed in Figure 10-8. The pyruvate secretion in the alanine and valine ferm entations, 

follow  a linear trend where the acid secretion increases with increasing specific growth 

rate. The critical point seem s to be at a specific growth rate o f 0.025 hr 1 where the 

pyruvate production is zero. a-K etoglu tarate secretion was insignificant in all three 

ferm entations.
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Figure 10-10, ATP turnover plotted versus the specific growth rate for three different S. 

lividans fermentations, (y = 138.96x + 6.93, R2=0.59)

M ore or less universal relationships betw een the specific growth rate and ATP 

requirem ents have been found for other bacterial species (Goel et a l., 1993; Varm a et 

al., 1993). It is therefore believed that such a relationship should also exist for 

Streptom yces lividans. In Figure 10-10 the A TP turnover rate, represented by reaction 

51, is plotted against the specific growth rate. The data is som ew hat scattered, but a
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linear trend can clearly be seen. The linear regression through the points predicts a 

growth associated maintenance demand of 139 mmol-ATP/g and a non-growth 

associated maintenance demand of 6.93 mmol-ATP/g/hr. The non-growth related 

maintenance demand is slightly higher than the one predicted from glucose 

requirements. However, it still falls well within the limits of values reported for E. coli 

at 5.87 and 7.6 mmol/g/hr (Varma et al., 1993; Varma and Palsson, 1995). Growth 

related maintenance demands for E. coli have been reported in the range of 70 mmol/g 

(Varma and Palsson, 1995). 87 mmol/g was reported by Jprgensen et al. (1995) in a flux 

study of Penicillium chrysogenum. 100 mmol/g was assumed for Corynebacterium  

glutamicum  in a study by de Hollander (1994), and a value of 200 mmol/g was reported 

in Bacillus subtilis by Goel et al. (1993). Hence, a growth associated maintenance of 

139 mmol/g for S. lividans is high, but not unreasonable. It should however, be 

remembered that the ATP demand is highly influenced by the assumed P/O ratio, which 

in a number of the bacteria is thought to be closer to a value of 1.5 rather than 2.0, as 

assumed in this study (Bailey and Ollis, 1986).

10.6 CONCLUSION

The reconciliation and flux analysis of S. lividans batch-fermentation-data has 

demonstrated the potential of the advanced flux analysis method developed in chapter 9. 

Several physiological trends were identified, and strain specific parameters obtained.

Model predictions of high pentose phosphate pathway and TCA cycle activities were 

supported by earlier literature studies giving considerable credibility to the proposed 

metabolism and the method of calculation.

The study also shed some light on the subject of acid production. This is commonly 

thought to be caused by glucose catabolism. From the flux analysis results it was 

proposed, that acid production was most likely not triggered by glucose, but was 

probably be the result of assimilation of additional carbon sources, such as amino acids. 

The maximum uptake rates of these amino acids would also be important. High 

maximum amino acid uptake rates seemed to prevent acid production. These findings 

are not only of great physiological interest but have several important implications for 

medium design.
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Strain specific parameters such as glucose yield, ATP yield and maintenance 

requirements were determined from the data. The biomass yield on glucose was high but 

comparative to other bacterial species. The glucose maintenance requirements matched 

reported values for E. coli. ATP growth related and non-growth related maintenance 

demands were 6.93 mmol/g/hr and 139 mmol/g respectively. The growth related 

demand was high compared to other bacterial species but reasonable. The non-growth 

related ATP maintenance demand compared well with values reported for E.coli.

Overall, the model has given us further insight into the complex physiology of S. 

lividans and have provided crucial strain specific parameters, which may be used in flux 

analysis optimisation studies.
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11. METABOLIC MODELLING AS A TOOL FOR EVALUATING 

POLYHYDROXYALKANOATE CO-POLYMER PRODUCTION IN 

PLANTS

The work presented below was carried out in collaboration with Dr. Kenneth J. Gruys 

(Monsanto Company, St. Louis, USA). Dr. Gruys and his group were responsible for 

providing the kinetic constants. This work was also presented at the second Metabolic 

Engineering Conference in Germany in October 1998, and a publication co-written with 

Professor Peter Dunnill and Dr. Gruys and co-workers was submitted for publication in 

“Metabolic Engineering” in March 1999.

11.1 SUMMARY

The production of polyhydroxyalkanoates in plants is an interesting commercial 

prospect due to lower carbon feedstock costs and capital investments. The production of 

poly-(3-hydroxybutyrate) has already been successfully demonstrated in plant plastids, 

and the production of more complex polymers is under investigation. Using a 

mathematical simulation model this chapter outlines the theoretical prospects of 

producing the co-polymer poly-(3-hydroxybutyrate-co-3-hydroxyvalerate) [P(3HB- 

3HV)] in plant plastids. The model suggests that both the 3HV/3HB ratio and the co

polymer production rate will vary considerably between dark and light conditions. Using 

Metabolic Control Analysis, it was predicted that the 8-ketothiolase predominately 

controls the co-polymer production rate, but that the activities of all three enzymes 

influence the co-polymer ratio. Dynamic simulations further suggest that controlled 

expression of the three enzymes at different levels may enable desirable changes in both 

the co-polymer production rate and the 3HV/3HB ratio. Finally, it was illustrated that 

natural variations in substrate and cofactor levels may have a considerable impact on 

both the production rate and the co-polymer ratio, which must be taken into account 

when constructing a production system.
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11.2 NOMENCLATURE

BktB B-Ketothiolase rate equation:

3HB production:

A = B acetyl-CoA

P CoA

Q acetoacetyl-CoA

I propionyl-CoA

Vf maximum rate o f reaction in the forward direction (mmol/min/g-protein)

Vr maximum rate of reaction in the reverse direction (mmol/min/g-protein)

Kma = Kmb acetyl-CoA half saturation constant (pM)

Kmp CoA half saturation constant (pM)

Kmq acetoacetyl-CoA half saturation constant (pM)

Keq equilibrium constant (-)

Kia acetyl-CoA inhibition constant (pM)

Kiq acetoacetyl-CoA inhibition constant (pM)

Kj propionyl-CoA inhibition constant (pM)

3HV production:

A propionyl-CoA

B acetyl-CoA

P CoA

Q 8-ketovaleryl-CoA

I acetyl-CoA

Vf maximum rate of reaction in the forward direction (mmol/min/g-protein)

Vr maximum rate of reaction in the reverse direction (mmol/min/g-protein)

Kma propionyl -CoA half saturation constant (pM)

Kmb acetyl-CoA half saturation constant (pM)

Kmp CoA half saturation constant (pM)

Kmq 8-ketovaleryl -CoA half saturation constant (pM)

Keq equilibrium constant (-)

Kia propionyl -CoA inhibition constant (pM)

Kiq 6-ketovaleryl -CoA inhibition constant (pM)

Kj acetyl -CoA inhibition constant (pM)
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Acetoacetyl-CoA Reductase rate equation:
3HB production:

A NADPH

B acetoacetyl-CoA

P 6-hydroxybutyryl-CoA

Q NADP+

Vf maximum rate of reaction in the forward direction (mmol/min/g-protein)

Vr maximum rate of reaction in the reverse direction (mmol/min/g-protein)

Keq equilibrium constant (-)

Kia NADPH inhibition constant (pM)

Kmb acetoacetyl-CoA half saturation constant (pM)

Kma NADPH half saturation constant (pM)

Kmq NADP+ half saturation constant (pM)

Kmp B-hydroxybutyryl-CoA half saturation constant (pM)

Kiq NADP+ inhibition constant (pM)

Kjp 8-hydroxybutyryl-CoA inhibition constant (pM)

Kib acetoacetyl-CoA inhibition constant (pM)

3HV production:

A NADPH

B 8-ketovaleryl-CoA

P B-hydroxyvaleryl-CoA

Q NADP+

Vf maximum rate of reaction in the forward direction (mmol/min/g-protein)

V r maximum rate of reaction in the reverse direction (mmol/min/g-protein)

Keq equilibrium constant (-)

Kia NADPH inhibition constant (pM)

Kmb 8-ketovaleryl -CoA half saturation constant (pM)

Kma NADPH half saturation constant (pM)

Kmq NADP+ half saturation constant (pM)

Kmp B-hydroxyvaleryl-CoA half saturation constant (pM)

Kiq NADP+ inhibition constant (pM)

Kjp 8- hydroxyvaleryl -CoA inhibition constant (pM)

Kb ketovaleryl-CoA inhibition constant (pM)
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PHB Synthase rate equation:
3HB production:

S B-hydroxybutyryl-CoA

I B-hydroxyvaleryl-CoA

Vm maximum rate of reaction (mmol/min/g-protein)

Km B-hydroxybutyryl-CoA half saturation constant (pM)

Ki B-hydroxyvaleryl-CoA inhibition constant (pM)

3HV production:

S B-hydroxyvaleryl-CoA

I B-hydroxybutyryl-CoA

Vm maximum rate of reaction (mmol/min/g-protein)

Km B- hydroxyvaleryl-CoA half saturation constant (pM)

Ki B- hydroxybutyryl-CoA inhibition constant (pM)
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11.3 INTRODUCTION

Poly-(3-hydroxybutyrate-co-3-hydroxyvalerate) [P(3HB-3HV)], a biodegradable plastic, 

is produced commercially from the bacterium Ralstonia eutropha (formally designated 

Alcaligenes eutrophus) under the tradename Biopol™ (Page, 1995). While up to 80- 

90% of the dry mass of the bacterium can be [P(3HB-3HV)], the cost to produce this 

plastic through fermentation is much higher relative to costs associated with producing 

traditional petochemical-based thermoplastics. Recently, biosynthesis of the 

homopolymer poly-(3-hydroxybutyrate) (PHB) in transgenic plants has been 

demonstrated (Poirier et al., 1992; Nawrath et a l , 1994; van der Leij and Witholt, 

1995). These results are intriguing, especially as plant production offers the prospect of 

much lower production costs. The highest expression reported to date is via the plastid 

located synthesis in Arabidopsis thaliana where PHB was produced at levels of up to 

14% of dry biomass (Nawrath et al., 1994).

PHB is not an attractive target product as the physical properties of the polyester are not 

generally as good as cheaper, petrochemical-based plastics. However, co-polymers with 

higher homologues, such as poly-(3-hydroxybutyrate-co-3-hydroxyvalerate) [P(3HB- 

3HV)], and poly-(3-hydroxybutyrate-co-4-hydroxybutyrate) [P(3HB-4HB)] have 

attracted considerable attention due to higher flexibility and toughness (Holmes, 1985). 

The physical properties of these co-polymers are determined by the ratio of monomers, 

and as to be expected, the ratio of 3HV or 4HB to 3HB needs to exceed a certain level 

before the co-polymer becomes an effective material. For P(3HB-3HV) a satisfactory 

co-polymer contains at least 5 mol% 3HV.

Both P(3HB-3HV) and P(3HB-4HB) have been successfully produced at high levels in 

bacteria for some years (Doi, et al., 1988; Hahn et a l,  1995; Lee et a l , 1997). In plants, 

only the production of PHB has been reported (Nawrath et al., 1994). If plants are to 

become a truly competitive source for the production of biodegradable PHA-based 

plastics it is clear that PHB alone will not suffice. Successful production of co-polymers 

involving higher homologues has to be achieved.
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acetyl-CoA

P(3HB-3HV)

acetyl-CoA

k e t o t h i o l a s e

NADPH NADP*

+ acetoacetyl-CoA / hydroxybutyryl-CoA

acetyl-CoA

Figure 11-1, Pathway for the production of P(3HB-3HV).

The metabolic pathway responsible for the production of PHB is also capable of 

producing the co-polymer P(3HB-3HV), provided that precursors of propionyl-CoA, 

ketovaleryl-CoA or hydroxyvaleryl-CoA are available in sufficient amounts, and that the 

pathway enzymes have sufficient specificity for these 1-carbon extended metabolites. 

The basic metabolic pathway is shown in Figure 11-1. In bacteria, feeding of precursor 

substrates to generate propionyl-CoA and through two steps of the pathway, 

hydroxyvaleryl-CoA has resulted in 3HV fractions as high as 50 mol% and 90 mol% 

respectively (Doi et a l , 1988; Lee et a l,  1997). Without this supplementation, the 

pathway enzymes encoded by the R. eutropha genes phbCAB and bktB only produce 

PHB (Doi et a l , 1988; Park et a l ,  1995; Lee et a l ,  1997; Slater et a l ,  1998). [The BktB 

B-ketothiolase was very recently characterised as the major B-ketothiolase responsible 

for the in vivo condensation of propionyl-CoA with acetyl-CoA for the C5 component of 

the polymer (Slater et a l,  1998). The PhbA B-ketothiolase does not efficiently catalyze 

this reaction. In fact, the reaction cannot be measured in vitro.] Since plants cannot 

practically be fed precursor substrates, an alternative approach to the production of 

P(3HB-3HV) is required.

Very recently, Gruys et a l  (1998a) have described a pathway for the production of 

P(3HB-3HV) in the plastids of plants that involves the oxidative decarboxylation of 2-
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ketobutyrate to form the critical 3HV precursor propionyl-CoA. This reaction can be 

catalyzed by the endogenous plastid pyruvate dehydrogenase complex, but only of 

significance to co-polymer production when the normal level of 2-ketobutyrate in the 

plastid is elevated considerably. To accomplish this, transgenic plants have been 

produced with significantly enhanced threonine deaminase activity so as to increase the 

steady-state levels of 2-ketobutyrate (Gruys et al., 1998b). This 2-ketoacid is normally 

formed in the plastid through the action of the endogenous threonine deaminase as the 

first committed step in isoleucine biosynthesis. This strategy has been demonstrated to 

work in E. coli as a model (Gruys et al., 1998a), and more recently in transgenic 

Arabidopsis when the organisms have been transformed with genes for threonine 

deaminase plus the 3 PHA biosynthetic enzymes B-ketothiolase, acetoacetyl-CoA 

reductase, and PHB synthase (Gruys et al., 1998b).

As genetic manipulation of plants is inherently complex and particularly time 

consuming to test, it would be helpful if the result of genetic manipulations could be 

somewhat anticipated before the experiment was actually carried out, eliminating some 

unfruitful effort. In this chapter the results of a mathematical model simulating 

production of P(3HB-3HV) in plant plastids is presented. The mathematical model 

focuses on the P-ketothiolase enzyme, the acetoacetyl-CoA reductase enzyme, and the 

PHB synthase enzyme, as seen in Figure 11-1. The kinetic characteristics for 

acetoacetyl-CoA reductase and PHB synthase were based on the R. eutropha enzymes 

encoded by the genes, phbB  and phbC, respectively. The kinetic properties for P- 

ketothiolase were based on the R. eutropha B-ketothiolase enzyme encoded by bktB 

(Slater et a l ,  1998). In addition to these kinetic parameters, available literature data were 

relied on for the various metabolite levels. Recent scientific results from transgenic 

Arabidopsis plants were also utilised as both inputs to the model and as a check for 

validity. Using the simulation model, the possibilities for improving the production rate 

and co-polymer ratio by changing enzyme expression levels were examined. The impact 

of natural variations in substrate and co-substrate concentrations was also investigated.

11.4 MA THEM A TICAL MODEL AND ANAL YSIS

The mathematical simulation model was programmed in SCAMP, a metabolic pathway 

simulation package developed by Sauro (Sauro, 1991; Sauro and Fell, 1993). Steady 

state production rates and steady state concentrations were found through dynamic
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simulation. Flux control coefficients and concentration control coefficients were 

calculated at the steady states according to metabolic control analysis (MCA) theory 

(Kacser and Bums, 1973; Heinrich and Rapoport, 1974; Liao and Delgado, 1993; Fell 

and Thomas, 1995; Fell, 1997)

The mathematical model embraced B-ketothiolase, acetoacetyl-CoA reductase and PHB 

synthase as outlined in Figure 11-1. The kinetic equations are given below:

fi-Ketothiolase:

v = Vf *V *([A ] *[B]-[P]  *[Q]/Keq) /

(V *K mbn A ]+ V * K ma*[B ]*(l+ [I]/K i)+Vf *Knv*[P ]/K ê

+Vr*[A] *[B]+Vf *Kmq*[A] *[P]/(Keq*Kia)+Vf *[P] *[Q ]/Keq 

+ V * K ma*[B ]*[Q ]/K iq)

Eq. 11-1

Eq. 11-ldefines a reversible ping-pong BiBi mechanism. For the reaction with 

propionyl-CoA, A, B, P, and Q represent propionyl-CoA, acetyl-CoA, free CoA, 

and ketovaleryl-CoA, respectively. When 2 acetyl-CoA molecules represent 

substrates A and B both, P and Q are free CoA and acetoacetyl-CoA respectively. 

The (1+([I]/Ki) term represents the rate effect from the presence of the competitive 

substrate. When acetoacetyl-CoA is the product, propionyl-CoA is the competitive 

substrate, and when 3-ketovaleryl-CoA is the product, one acetyl-CoA molecule is 

a co-substrate, and another is competitive with propionyl-CoA.
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Acetoacetyl-CoA reductase:

v = Vj*Vr*([A]*[BHP]*[Q]/Keqy

( V r ^ K ^ + V ^ K ^ A J + V ^ K ^ B J + V ^ K ^ P ] ^

+Vf*Kmp*[Q ]/Keq+ V *[A ]*[B ]+V f *Kmqn A ] ^ ^

+v/fpy*fG7/A:e?+ v /^ * w * f (2 7 /^ +Vr*M7*W*/rP 7/^

+ Vf*[B] *[P] *[Q ]/(K ib *Keq))

Eq. 11-2

Eq. 11-2 defines a reversible sequential ordered BiBi mechanism. A, B, P, and Q 

represent NADPH, 3-ketoacyl-CoA, 3-hydroxyacyl-CoA, and NADP+, 

respectively. For this reaction, Keq is pH dependent, and thus the overall reaction 

equilibrium is impacted as the pH increases from 7.2 in light conditions, to 8.0 in 

dark conditions (Heineke et a l ,  1991). Competitive substrate inhibition was 

omitted in this rate equation due to the severe complexity in adding this term to 

the denominator of the rate equation. Since steady-state concentrations of 3- 

ketoacyl-CoAs were found to be extremely low (i.e., «  Km values), there would 

have been little if any measurable changes in the results by having this included in 

the rate equation.

PHB Synthase:

v = Vm*[S]/(Km*(l+ ([I]/K i))+ [S])

Eq. 11-3

Eq. 11-3 is the normal Michaelis-Menton equation for a 1 substrate, non-reversible 

system. Free CoA is known to be a product inhibitor o f this enzyme, however, in 

vivo concentrations of less than 1 pM (see below) would result in no inhibition. 

The (1+([I]/Ki) term represents the rate effect from the presence of the competitive 

substrate.
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The kinetic constants given in Appendix C were those found through in vitro kinetic 

analysis as previously reported (Haywood et al. 1988a, 1988b, 1989; Leaf and Srienc, 

1998), and by more recent results using standard assay procedures described in the 

literature (Slater et al., 1998; Gruys et al., 1998b; Goodwin and Lenz, unpublished 

results). Some of the kinetic constants for 6-ketothiolase and acetoacetyl-CoA reductase 

were determined through non-linear regression analysis from initial rate data, whereas 

others were calculated using the experimentally determined constants and Haldane 

relationships (Cleland, 1963) for the particular kinetic rate equation. Vm values are 

specific activities determined through direct assay of transgenic Arabidopsis leaf 

material containing the enzymes of interest (Gruys et al., 1998b). In the case of PHB 

synthase, the Vm was determined by normalizing the values for pure enzyme (40 

mmol/min/g-protein with 3-hydroxybutyryl-CoA as substrate, and 17 mmol/min/g- 

protein with 3-hydroxyvaleryl-CoA as substrate, Goodwin and Lenz, unpublished 

results) with % of total protein in the plant leaf (approximately 0.25%) as determined by 

western blot analysis (Gruys et al., 1998b).

11.5 RESUL TS AND DISCUSSION

When a pathway is transferred from a bacterial into a plant system, the rates of 

production and the general controlling factors of the pathway may change significantly. 

For one reason, widely different levels of metabolite concentrations will be present in 

the two systems. In addition, plants physiologically and biochemically vary during light 

and dark cycles. One impact of this is a change in plastid pH, which will impact the 

equilibrium constant for certain reactions. This along with other factors can significantly 

influence metabolite concentrations. Hence, observations made in bacteria will not 

necessarily be directly applicable to a plant system. To be able to predict realistic levels 

of P(3HB-3HV) production in plants it is therefore necessary to define enzyme kinetics 

and expected metabolite levels in plant plastids under light and dark conditions. The 

kinetics are discussed under the materials and methods section and a brief review of 

metabolite levels is given below.

In a study by Post-Beittenmiller et al.{ 1992), acetyl-CoA concentrations in plant 

plastids were found to vary from 19 to 35 pM during light conditions and from 31 to 54 

pM during dark conditions. CoA levels where estimated to be less than 2 pM, (the 

detection limit of their methods). These concentrations are at least an order of
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magnitude lower than corresponding concentrations measured in bacterial cells 

(Chohnan and Takamura, 1991; Mansfield et al., 1995). Post-Beittenmiller et a l  (1992) 

also found that 88-100 % of all the CoA in plant plastids was in the form of acetyl-CoA. 

This was later supported by Roughan (1997). NADP+ and NADPH concentrations in 

plastids were measured by Heineke et a l  (1991). The light and dark concentrations for 

NADPH was 290 and 120 pM respectively, and the light and dark concentrations for 

NADP+ was 590 and 510 pM respectively.

In both the studies by Post-Beittenmiller et a l  (1992) and by Heineke et a l  (1991), the 

observed metabolite concentrations were based on a chloroplast stromal volume of 

about 25 pL/mg-chlorophyll. However, in a later study on sub-cellular volumes by 

Winter et a l  (1994) using an improved measurement technique, it became clear that the 

volumes used to calculate the metabolite concentrations referred to above were 

underestimated by greater than 2x. It was therefore necessary to readjust the observed 

values using a chloroplast stromal volume of 66 pL/mg-chlorophyll (Winter et a l , 

1994).

In a recent study by Roughan (1997) the levels o f free CoA and acylated-CoAs were re

investigated using improved analytical procedures. It was found that the concentrations 

of free CoA were indeed very low, in agreement with Post-Beittenmiller et a l  (1992). 

However, these low values could be quite variable. For example, during fatty acid 

biosynthesis concentrations of free CoA were measured as high as 0.2 pM and 2.5 pM 

in spinach and pea chloroplasts, respectively, but frequently these values fell below 0.1 

pM in both plant species. Because of this, an approximate value of 0.5 pM was used as 

the basal level in the simulations for both light and dark conditions. This is consistent 

with what is presented in the literature (Post-Beittenmiller, personal communication).

No reports on the endogenous plant propionyl-CoA concentration could be found in the 

literature. Propionyl-CoA occurs in peroxisomes and mitochondria of plants during the 

degradation of odd-chain fatty acids and branched chain amino acids, but its presence in 

the plastid has not been cited. However, some low level likely exists in this organelle 

since 2-ketobutyrate is present in the plastid, and as previously mentioned, this 

metabolite can be oxidatively decarboxylated by the plastid PDH complex to form 

propionyl-CoA. Nevertheless, it is fair to say that the normal plastid concentration of 

this metabolite is 0.1 pM or less. Indeed, preliminary results have indicated that
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endogenous levels of propionyl-CoA must be very low based on analysis using a 

modification of the gas chromatogrphy/mass spectrometry method described by Kopka 

et al. (1995) (Gruys et a l ,  1998b). Using this same methodology on transgenic 

Arabidopsis leaf samples containing an overexpressed plastid-targeted threonine 

deaminase, an estimated value for plastid propionyl-CoA was put at 1.0 pM (Gruys et 

a l ,  1998b).

The combined metabolite concentrations used in the simulations are presented in Table

11-1. The variations in metabolite levels were assumed to be ± 50% for acetyl-CoA, 

NADP+ and NADPH. The free CoA and propionyl-CoA levels were varied to a larger 

degree due to the uncertainty in their plastidal concentration (Roughan, 1997; Gruys et 

a l ,  1998b).

Table 11-1, Metabolite concentrations used in the simulations.

When simulating the pathway performance under normal light conditions, the resulting 

flux to P(3HB-3HV) co-polymer was 1.8 nmol/h/mg-protein. This is approximately 1-2 

% the rate of fatty acid synthesis (50-100 nmol/h/mg-protein) observed in chloroplasts 

(Roughan, 1997). The 3HV/3HB co-polymer ratio was 0.06 corresponding to a 3HV  

content of 5.7 mol% and the criteria for a minimum target polymer was therefore met. 

When the pathway was simulated under normal dark conditions, the flux was 5.42 

nmol/h/mg-protein and the 3HV/3HB co-polymer ratio 0.07 (6.5 mol%). Hence, the 

pathway performed better under dark conditions when the fatty acid synthesis should be 

low. This is a considerable advantage, as the two pathways will compete for the same 

substrate, acetyl-CoA. The reasons for increased pathway flux and slightly higher 

3HV/3HB ratio under dark conditions are increased acetyl-CoA concentrations, and a 

much more favourable equilibrium for the reduction of 3-ketoacyl-CoAs to 3- 

hydroxyacyl-CoAs. The factors must overcompensate for the decrease in NADPH and 

NADPH/NADP+ ratio in dark versus light conditions.

LIGHT (pM) DARK (pM)

Acetyl-CoA

Propionyl-CoA

CoA

NADP+

NADPH

11.0(5.5-16.5) 17.0(8.5-25.5)

1.0 (0.1-3.0) 1.0 (0.1-3.0)

0.5 (0.05 - 2.0) 0.5 (0.05 - 2.0)

220(110-330) 190(95-285)

110(55- 165) 45 (23-68)
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Within certain limits it is intuitive that the higher the flux and 3HV/3HB co-polymer 

ratio, the better for a production system. Hence, investigating the potential for 

improvement in terms of enzyme manipulations is very useful. This can be done by 

calculating sensitivities of the system to changes in enzyme levels at standard conditions 

to give an idea of which enzymes control the flux or co-polymer ratio. The sensitivities 

calculated in this study are the so-called flux control coefficients defined by Metabolic 

Control Analysis (MCA) (Kacser and Bums, 1973; Heinrich and Rapoport, 1974; Liao 

and Delgado, 1993; Fell, 1997). Flux control coefficients are relative values which can 

only be considered in relation to each other and in a linear pathway they add up to unity. 

The higher the absolute value of the coefficient, the more influence is exerted over the 

flux by the respective enzyme. The flux control coefficients for the 3HV and 3HB 

production pathways and the flux control coefficient for the total P(3HB-3HV) 

production for both light and dark conditions are presented in Table 11-2.

Table 11-2, Flux control coefficients for light and dark conditions.

LIGHT DARK

3HV 3HB P(3HB-3HV) 3HV 3HB P(3HB-3HV)

6-Ketothiolase 0.07 0.53 0.50 0.15 0.73 0.69

Acetoacetyl-CoA
reductase

0.21 0.10 0.11 0.35 0.11 0.13

PHB Synthase 0.72 0.37 0.39 0.50 0.16 0.18

Under normal light conditions PHB synthase was the most dominating control factor 

with respect to 3HV production. The control of the 3HB production was shared between 

the 6-ketothiolase and the PHB synthase. From the P(3HB-3HV) flux control 

coefficient, it is clear that adjustments in 6-ketothiolase or PHB synthase activities may 

have a large effect on the total flux to co-polymer. As the difference in control 

coefficient values for 6-ketothiolase and PHB synthase is rather large between the 3HV 

and the 3HB pathways under light conditions, the 3HV/3HB ratio is likely be quite 

sensitive to changes in these enzyme activities.

Under normal dark conditions, the 3HV production was still controlled by PHB 

synthase, however relative to light conditions, much of the control had been shifted to 

acetoacetyl-CoA reductase. The 3HB production was heavily controlled by 6- 

ketothiolase with very little influence by either of the other two enzymes. The high
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control coefficient for 6-ketothiolase with respect to P(3HB-3HV) production during 

normal dark conditions indicated a significant control over the total flux to co-polymer. 

The difference in the respective control coefficient values between the 3HV and the 

3HB pathways were high for all three enzymes. Hence, the 3HV/3HB ratio is likely to 

be significantly affected by changes in any of the enzyme activities under normal dark 

conditions.

Overall, for 3HB production the model suggests that the 6-ketothiolase was the main 

controlling enzyme under both light and dark conditions, though all enzymes contribute 

to some degree. Interestingly, this is similar to findings in bacterial systems where the 6- 

ketothiolase was proposed to be the main controlling enzyme of PHB production 

(Senior and Dawes, 1973; Oeding and Schlegel, 1973). For plant 3HV production, the 

model suggests that increases in PHB synthase activity will enhance the 3HV content of 

the co-polymer. This agrees with findings by Lee et a l  (1997). Using transformed 

Ralstonia eutropha strains where either the PHB synthase or the PhbA 6-ketothiolase 

and acetoacetyl-CoA reductase had been over-expressed, these investigators found that 

enhanced levels of PHB synthase significantly increased the molar fractions of 3HV and 

4HB under conditions where P(3HB-3HV) and P(3HB-4HB) were produced.

Park et a l  (1995c; 1997) reported that PHB synthase was the main controlling enzyme 

for PHB production in transformed Ralstonia eutropha strains. This differs somewhat 

with our predictions for plant production under dark conditions, but from the flux 

control coefficients calculated under light conditions, it is quite evident that about 40% 

of the control lies with PHB synthase. Given that the level o f influence on 3HB 

production by PHB synthase seems to be very dependent on the environment, it is quite 

possible that it can be the main controlling enzyme in a bacterial system. The pattern of 

shared control over the 3HB production predicted under light conditions agrees well 

with the control coefficients reported by Leaf and Srienc (1998) for bacterial systems.

PHB synthase is not only an interesting enzyme with respect to flux control, but has also 

been reported to control PHB polymer size (Mansfield, et a l , 1995; Sim et a l ,  1997). 

Our calculations for both light and dark conditions predict high concentration control 

coefficients for 3-hydroxybutyryl-CoA with respect to PHB synthase (data not shown). 

This indicates that the PHB synthase activity and its immediate substrate, 3- 

hydroxybutyryl-CoA are closely coupled to each other. Mansfield et a l  (1995) found

E.B. Daae, 1999 PhD Thesis Page 179



that in cultures of Ralstonia eutropha, an inverse relationship between the level of 3- 

hydroxybutyryl-CoA and the polymer size could be established. Hence, if the 3- 

hydroxybutyryl-CoA controls the PHB synthase activity, it also indirectly controls the 

polymer size. This relationship agrees well with the findings of Sim et al. (1997) where 

the level of activity of PHB synthase was found to impact the molecular weight and 

polydispersity of PHB produced in E. coli.

In general, changes in the 6-ketothiolase activity will have a significant impact on the 

total flux and the co-polymer ratio. Acetoacetyl-CoA reductase and PHB synthase 

activities will have less impact on the total flux, but will affect the 3HV/3HB ratio. 

Hence, the co-polymer ratio may possibly be controlled by changing the PHB synthase 

and/or the acetoacetyl-CoA reductase activities without significantly altering the total 

flux through the system. The total flux will probably be altered most effectively by 

changing the 6-ketothiolase activity. However, as the 6-ketothiolase activity has an 

inverse effect on the flux and the co-polymer ratio, positive changes to the flux induced 

by an increase the 6-ketothiolase activity will result in a decrease in the 3HV/3HB ratio.

11.5.1 ENZYME MANIPULATIONS

In addition to the predictions of enzyme control over pathway flux and 3HV/3HB ratio 

based on the control coefficients under these “standard conditions”, it is useful to carry 

out simulations under modified conditions. Sometimes control coefficients are very 

local (Fell, 1997) and will not be representative of system behaviour for larger changes. 

Hence, to get an expanded picture of what will happen if an enzyme was over-expressed 

say ten times, simulations are absolutely vital. In this study the enzyme activities were 

varied from 0.1 to 10 times their normal expression level. The fluxes and 3HV/3HB 

ratios resulting from these changes in enzyme expression levels are shown in Table 11-3 

and Table 11-4, and Figure 11-2 to Figure 11-4.
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Table 11-3, Variation of co-poiymer ratios and production rates as a result of changing

enzyme activities during light conditions

Production Rate

(nmol/h/mg-protein)

3HV/3HB Ratio

(-)

10 % 100 % 1000 % 10 % 100 % 1000 %

enzyme enzyme enzyme enzyme enzyme enzyme
activity activity activity activity activity activity

6-Ketothiolase 0.36 1.80 3.37 0.22 0.06 0.04

Acetoacetyl-CoA
reductase

0.92 it 2.00 0.04 it 0.07

PHB Synthase 0.41 “ 2.84 0.04 it 0.12

Examining the results from light conditions simulations in Table 11-3, it can be seen 

that 6-ketothiolase and PHB synthase had the largest impact on the total flux. This 

agrees well with the flux control coefficients in Table 11-2. The 3HV/3HB ratio is also 

mostly affected by these two enzymes. It is especially interesting to note that decreases 

in the 6-ketothiolase activity resulted in the largest increase in the 3HV/3HB ratio to

0.22. (As over-expression is relative with respect other enzymes in the pathway and the 

co-polymer ratio, a similar rise in co-polymer ratio may be achieved by “parallel” over

expression of reductase and PHB synthase without reducing the flux.) PHB synthase 

seems to be the single best candidate in terms of improving the 3HV/3HB ratio without 

jeopardising the flux throughput under light conditions. A 10 times over-expression of 

the PHB synthase resulted in a doubling in the co-polymer ratio and enhanced the flux 

by nearly 60 %. However, it should be noted that the co-polymer production rate under 

light conditions is very low, and even an increase of 60% will not contribute 

significantly to enhancing the accumulation of co-polymer.
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Table 11-4, Variation of co-polymer ratios and production rates as a result of changing

enzyme activities during dark conditions

Production Rate

(nmol/h/mg-protein)

3HV/3HB Ratio

(-)

10 % 100 % 1000 % 10 % 100 % 1000 %

enzyme enzyme enzyme enzyme enzyme enzyme
activity activity activity activity activity activity

B-Ketothiolase 0.81 5.42 15.30 0.21 0.07 0.03

Acetoacetyl-CoA
reductase

2.68 11 6.11 0.03 tt 0.09

PHB Synthase 2.15 " 6.56 0.03 " 0.10

Table 11-4 shows the variation in co-polymer production rate and 3HV/3HB ratio in 

response to changes in enzyme activity under dark conditions. As predicted by the 

control coefficients, 8-ketothiolase had the greatest impact on the total flux to co

polymer, reaching a value of 15.30 nmol/h/mg-protein at 10 times over-expression of 

the enzyme. Hence, a production rate 15-30 % that o f fatty acid synthesis was achieved. 

The acetoacetyl-CoA reductase and PHB synthase had a similar impact on the fluxes, 

but their main impact was on the 3HV/3HB ratio. Nevertheless, 6-ketothiolase produced 

the most dramatic changes in the 3HV/3HB ratio, which seems inversely related to 

changes in the total co-polymer throughput.
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Figure 11-2, Co-polymer flux and ratio as a function of B-ketothiolase expression levels.

A closer inspection of the system dynamics in response to enzyme perturbations is 

presented in Figure 11-2 to Figure 11-4. From Figure 11-2 it can be seen that the co

polymer production rate has a logarithmic like relationship with the 6-ketothiolase 

activity and the co-polymer ratio has a hyperbolic relationship which approaches an 

asymptote at about 0.03 for both dark and light conditions. The hyperbolic relationship 

reveals that the 3HV/3HB ratio is more sensitive to decreases opposed to increases in 6- 

ketothiolase activity.
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Figure 11-3, Co-polymer flux and ratio as a function of acetoacetyl-CoA reductase 

expression levels.

From Figure 11-3 and Figure 11-4, which show the dynamic responses to changes in 

acetoacetyl-CoA reductase and PHB synthase activities, it is clear that a maximum with 

respect to flux and is reached relatively fast. In fact, increasing the enzyme activity 

above 5 times the normal level has little or no effect. The co-polymer ratio also reaches 

a plateau quite quickly when reductase is overexpressed. However, the ratio continues to 

rise slowly when PHB synthase is overexpressed. The decrease in flux and co-polymer 

ratio in response to decreases in enzymatic activities is quite remarkable for both 

enzymes through. Overall, the dynamics of both acetoacetyl-CoA reductase and PHB 

synthase must be said to be rather similar for both light and dark conditions even though 

their flux control coefficients were sufficiently different under normal conditions (Table 

11-2).
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Figure 11-4, Co-polymer flux and ratio as a function of PHB synthase expression levels.

11.5.2 SUBSTRATE AND COFACTOR LEVEL PERTURBATIONS

The results presented above are important but are only valid at the specified “standard 

conditions” for substrate and cofactor concentration levels. This static presentation can 

be defended for bacteria grown in a chemostat. However, for a plant system, which is 

constantly exposed to perturbations as the plants go through cycles of night and day, it is 

necessary to investigate the pathway behaviour over a range of possible conditions.
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Table 11-5, Variation of co-polymer ratios and production rates as a result of natural

variation of metabolite concentration levels under light conditions.

Production Rate

(nmol/h/mg-protein)

3HV/3HB Ratio

(-)

low normal high low normal high

metabolite metabolite metabolite metabolite metabolite metabolite
concn. concn. concn. concn. concn. concn.

Acetyl-CoA 0.50 1.80 3.78 0.12 0.06 0.04

Propyonyl- 1.71 2.02 0.01 " 0.19
CoA

CoA 9.47 0.49 0.12 •• 0.06

NADPH 1.24 2.13 0.05 ft 0.08

NADP+ 2.33 1.48 0.09 (4 0.05

Table 11-6, Variation of co-polymer ratios and production rates as a result of natural 

variation of metabolite concentration levels under dark conditions.

Production Rate 3HV/3HB Ratio

(nmol/h/mg-protein) (-)

low

metabolite
concn.

normal

metabolite
concn.

high

metabolite
concn.

low

metabolite
concn.

normal

metabolite
concn.

high

metabolite
concn.

Acetyl-CoA 1.58 5.42 10.86 0.12 0.07 0.05

Propyonyl-
CoA

5.11 it 6.08 0.01 m 0.20

CoA 20.54 i« 1.57 0.15 •• 0.06

NADPH 4.32 tf 5.99 0.05 » 0.08

NADP+ 6.20 •• 4.84 0.09 •• 0.05

The results from simulations with realistic perturbations in substrate and co-factor levels 

are shown in Table 11-5 and Table 11-6 for light and dark conditions respectively. From 

a quick inspection of both tables, it is clear that the system is very sensitive to 

metabolite levels, on a similar level to variation of enzyme activities.

Under light conditions, the flux is profoundly influenced by the CoA level, and the 

acetyl-CoA and the propionyl-CoA levels had a large impact on the 3HV/3HB ratio. 

Under dark conditions, both acetyl-CoA and CoA had a large influence on co-polymer 

flux and some on the 3HV/3HB ratio. However, perhaps not to surprisingly, the co-
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polymer ratio was most sensitive to the propionyl-CoA levels under both dark and light 

conditions. Propionyl-CoA variations may potentially cause the 3HV/3HB ratio to fall 

as low as 0.01. This of course of great concern, but may possibly be compensated for by 

over-expressing acetoacetyl-CoA reductase and/or PHB synthase.

NADPH and NADP+ variations had little effect on the co-polymer ratio and the co

polymer flux. A change in flux of 20% is of course significant, but not compared to the 

doublings in flux caused by the variation in acetyl-CoA levels. The co-polymer ratio did 

not decrease below 0.05 as a result of the NADPH or NADP+ variations, and only 

improved to 0.09 at decreased NADP+ levels.
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Figure 11-5, Co-polymer flux and 3HV/3HB ratio plotted versus acetyl-CoA 

concentrations.

Figure 11-5 to Figure 11-7 show the dynamic system behaviour in response to the three 

most influential metabolites. From Figure 11-5 it can be seen that the co-polymer flux is 

fairly linearly related to the acetyl-CoA levels, whereas the 3HV/3HB ratio is less linear
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and slightly more hyperbolic in its relationship to acetyl-CoA. This is true for both light 

and dark conditions. Since all enzymes in the pathway are working significantly under 

optimal efficiency due to very low metabolite concentrations (i.e., concentrations «  

Km), any increase in the primary starting metabolite, acetyl-CoA, would be expected to 

have a dramatic impact on flux.
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Figure 11-6, 3HV/3HB ratio plotted versus propionyl-CoA concentrations.

As can be seen from Table 11-5 and Table 11-6, propionyl-CoA has little effect on the 

co-polymer flux, hence, only the 3HV/3HB ratio is presented in Figure 11-6. From 

Figure 11-6 it is evident that the co-polymer ratio has a completely linear relationship 

with the propionyl-CoA concentration. The slope of the line is, however, slightly steeper 

under dark conditions, reflecting a somewhat enhanced sensitivity to the propionyl-CoA 

concentration. Considering that the co-polymer is predominantly made up of 3HB 

monomer units, a low effect on the overall flux is not surprising.
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Figure 11-7, Co-poiymer flux and 3HV/3HB ratio plotted versus CoA concentrations.

Figure 11-7 shows the dynamic response to changes in the CoA concentration. Both the 

flux and the co-polymer ratio have hyperbolic relationships with the CoA concentration 

under light and dark conditions. The co-polymer ratio seems to merge onto an asymptote 

at a 3HV/3HB ratio of around 0.06. This hyperbolic relationship shows that for CoA 

concentrations above 0.5 pM the co-polymer ratio will not be significantly affected by 

changes in the CoA concentration, whereas at CoA concentrations below 0.5 pM, the 

3HV/3HB ratio will become very sensitive indeed. Similar relationships are true for the 

co-polymer flux.

The sensitivity of the system to free CoA levels has much to do with the impact it has on 

the 8-ketothiolase. This reaction is strongly favoured in the thiolysis, not condensation 

direction, and this is expressed in the steady-state kinetic parameters through high Vm 

and low Km values for CoA and B-ketovalerate or acetoacetyl-CoA. As such, this 

enzyme readily senses subtle changes in CoA levels, even at sub-micromolar levels. As
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presented in Table 11-5 and Table 11-6, and Figure 11-7, this directly impacts both the 

fluxes through the pathway, as well as the ratio of 3HV/3HB.

11.6 CONCLUSIONS

Through this mathematical analysis and simulation it was concluded that under the 

defined “standard conditions” in plant plastids, the proposed transgenic constructs 

would likely produce a desired co-polymer, provided that the propionyl-CoA 

concentration is adequate. The co-polymer production rate was 1.8 nmol/h/mg-protein 

and the 3HV content of the co-polymer was 5.7 mol% under light conditions. Under 

dark conditions the co-polymer production rate was 5.42 nmol/h/mg-protein and the 

3HV content of the co-polymer was 9.3 mol%. According to the model, larger quantities 

and a higher C5/C4 co-polymer ratio are produced under dark conditions. Qualitatively, 

these predictions are in good agreement with recent results obtained in transgenic 

Arabidopsis plants. These results demonstrate co-polymer production up to 1% the dry 

weight of the leaf in a mature plant, and a 3HV content ranging from 4-17%, depending 

on the particular plant transformant (Gruys et al. , 1998b)

Using metabolic control analysis and dynamic simulations it was found that the co

polymer flux could be improved by over-expressing 8-ketothiolase. However, in doing 

so, the 3HV/3HB ratio will decrease and might fall below the critical level. 

Improvements to the co-polymer ratio may be brought about by increasing the PHB 

synthase and/or the acetoacetyl-CoA reductase activities. This would also have a small 

positive impact on the co-polymer flux. Furthermore, our simulations indicated an 

inverse relationship between the concentration of 3-hydroxybutyryl-CoA and the PHB 

synthase activity. This could have relevance to results from bacterial studies where the 

data indicated an inverse relationship between PHB synthase activity and the molecular 

weight of the polymer (Mansfield, et al., 1995; Sim et al., 1997).

Finally it was found that natural variations in metabolite pools could play a major role 

for both the co-polymer production rate and the 3HV/3HB ratio. Some of the metabolite 

variations may be counteracted by over-expression of the three enzymes. However, a 

decrease in 3HV/3HB ratios caused by low levels of propionyl-CoA may be more 

difficult to control. Hence, when designing any potential production system, it is crucial
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that all these factors are properly investigated and taken into account to ensure a 

satisfactory result.

The presented analysis does not attempt to address the many metabolic pathways in a 

plant that could affect metabolite levels in the plastid. To influence these would 

probably require metabolic engineering of a large number of enzymes, and to include 

them in a simulation model would require much more detailed information on particular 

enzymes and metabolites then what is currently available. However, if the reported 

metabolite levels in plastids are approximately correct, then there is a reasonable 

prospect that manipulation of the 2 to 3 key enzymes most directly concerned with co

polymer synthesis could achieve the desired outcome. This pragmatic approach to 

metabolic engineering may help to address a current concern and belief that the 

distribution of control in biological systems is so widely distributed that perhaps little 

can be done.

Through the results and discussion, it has been shown how mathematical simulation and 

analysis of a potential production pathway may guide experimental work. The model 

provides a useful window of operation, and defines the limitations o f the system.
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12. CONCLUSIONS

Practical experiments are time consuming and therefore tend to be expensive. The 

object of mathematical modelling is to reduce both the time and cost of practical 

research. When appropriately used, a mathematical model may predict the outcome of a 

series of experiments. Hence, mathematical models may aid experimental design and 

significantly improve research progress. This thesis has shown three mathematical 

approaches to prediction o f biochemical pathway performance. Firstly, a mathematical 

method was used to mimic a metabolic event, thereby suggesting a possible mechanism 

for the problem studied. Secondly, a flux model was developed to aid metabolic 

research on product formation and substrate uptake with or without experimental data. 

Finally, a kinetic model of a genetically engineered pathway was used to identify 

limitations in a metabolic system and provide guidelines for improvement to a proposed 

pathway design.

The cybernetic model, mimicking glucose uptake and Streptomyces growth in a batch 

fermentation, suggested that glucose uptake and cell growth in the early period of 

cultures were partly governed by a non-constitutively produced factor. The advantage of 

using cybernetic models is primarily that they do not require reaction kinetics. They aim 

to describe mechanisms and relationships as much as produce successful predictions.

Mathematical methods for treating erroneous raw data are crucial in metabolic flux 

analysis of batch fermentations. A thorough and systematic approach, which 

reconciliated and improved the raw data, was developed. Three flux analysis studies 

were carried out based on this framework. Strain specific parameters, such as ATP 

maintenance demands, were identified, and further insight into specific metabolic events 

was obtained. Evidence suggested that acid secretion was a result of amino acid 

assimilation in Streptomyces lividans batch fermentations.

Modelling plastic production in plant plastids was done using enzyme kinetics. The 

mathematical simulations and analysis showed that the proposed transgenic construct 

was likely to produce a desirable plastic co-polymer. However, the model also predicted 

a considerable spread in quality and properties of the polymer due to night and day
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metabolic variations in plants. These predictions were later confirmed by practical 

studies. Hence, the mathematical approach used to study a genetically foreign pathway 

in relative isolation from the main metabolism proved successful. In addition to these 

predictions, the model suggested specific improvements to the genetic construct by 

identifying enzymes with a high control over the production rate.

The flux analysis approach to modelling biochemical pathways was the most versatile 

method studied. This model can easily be altered or expanded and does not require data 

on reaction kinetics. However, stoichiometric data is essential. The flux model may be 

combined with kinetic or mechanistic models, and can be used either as an analytical or 

as a predictive tool. Depending on the parameters available, the flux model could 

potentially also be used for optimisation studies.

The models developed in this study are powerful mathematical tools. The cybernetic and 

kinetic models are examples of a simple and more advanced approach to biochemical 

pathway modelling respectively. The metabolic flux model is a complex mathematical 

framework. This may readily be refined or expanded, as metabolic information becomes 

available. One suggestion for refinement is a separation of the biochemical fluxes 

involved in cell growth from those involved in maintenance. This may be achieved by 

constructing a separate but parallel metabolism for the pathways involved in cell 

growth. The expansion would enable an even clearer classification of metabolic events. 

The adaptation of the flux model to other related Streptomyces species is also 

recommended.
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APPENDIX A: INTERMEDIATE METABOLITES INCLUDED IN S.

LIVIDANS PRIMARY METABOLISM MODEL

5A4CRN 5-Aminoimidazole-4-carboxamide ribonucleotide

AcCoA Acetyl-CoA

AKG a-ketoglutarate

ALA Alanine

AMP Adenosine-monophosphate

ARG Arginine

ASN Aspargine

ASP Aspartate

ATP Adenosine-triphosphate

CHOR Chorismate

CMP Cytidine-monophosphate

C 02 Carbon dioxide

CYS Cysteine

E4P Erythrose-5-phosphate

F6P Fructose-6-phosphate

FADH Flavin adenine nucleotide

FTHF Formyl-tetrahydrofolate

FUM Fumarate

G6P Glucose-6-phosphate

GAP Glyceraldehyde-phosphate

GLN Glutamine

GLU Glutamate

GLY Glycine

GMP Guanosine-monophosphate

HIS Histidine

rr.F. Isoleucine

IMP Inosine-monophosphate

LEU Leucine

LYS Lysine

MET Methionine

MTHF Methylene-tetrahydrofolate

NADH Nicotinamide adenine dinucleotide
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NADPH Nicotinamide adenine dinucleotide phosphate

NH4 ammonia

0 2 Oxygen

OAA Oxaloacetate

PEP Phosphoenolpyruvate

PG Phosphoglycerate

PHE Phenylalanine

PRO Proline

PRPP 5-Phosphoribosyl-1 -pyrophosphate

PYR Pyruvate

R5P Ribose-5-phosphate

Ru5P Ribulose-5-phosphate

S7P Seduheptulose-7-phosphate

SER Serine

THR Threonine

TMP Thymidine-monophosphate

TRP Tryptophan

TYR Tyrosine

UMP Uridine-monophosphate

VAL Valine

X5P Xylulose-5-phosphate
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APPENDIX B: LIST OF REACTIONS INCLUDED IN S. LIVIDANS

PRIMARY METABOLISM MODEL

R l: ATP = G6P ;

R2: G6P = F6P ;

R3: ATP + F6P = 2.0 GAP ;

R4: GAP = ATP + PG + NADH ;

R5: PG = PEP ;

R6: PEP = ATP + PYR ;

R7: PYR = NADH + C 02 + AcCoA ;

R8: PYR = ;

R9: G6P = NADH + C 02  + Ru5P + NADPH ;

RIO: Ru5P = X5P ;

R l l :  Ru5P = R5P ;

R12: R5P + X5P = GAP + S7P ;

R13: S7P + GAP = F6P + E4P ;

R14: E4P + X5P = F6P + GAP ;

R15: C 02  + PEP = ATP + OAA ;

R16: OAA + AcCoA = NADH + C 0 2  + AKG ;

R17: AKG = ;

R18: AKG = ATP + NADH + C 0 2  + FUM + FADH ;

R19: FUM = NADH + OAA ;

R20: R5P + ATP = PRPP ;

R21: GLN + ASP + PRPP + 2.0 ATP = NADH + GLU + UMP ;

R22: UMP + GLN + ATP = GLU + CMP ;

R23: MTHF + UMP = TMP ;

R24: GLY + FTHF + 2.0 GLN + PRPP + C 02 + 2.0 ATP = 2.0 GLU + 5A4CRN ; 

R25: 5A4CRN + FTHF + ASP + ATP = FUM + IMP ;

R26: IMP + ASP + ATP = FUM + AMP ;

R27: IMP + GLN + ATP = NADH + GLU + GMP ;

R28: E4P + NADPH + 2.0 PEP = CHOR ;

R29: NH4 + CHOR = C 02 + PHE ;

R30: NH4 + CHOR = C 02  + TYR ;

R31: SER + CHOR + GLN + PRPP + ATP = GAP + PEP + C 0 2  + GLU + TRP ; 

R32: GLU + PYR = AKG + ALA ;
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R33: GLU + NADPH + 2.0 PYR = C 0 2  + AKG + VAL ;

R34: GLU + AcCoA + 2.0 PYR = 2.0 C 0 2  + AKG + LEU ;

R35: NH4 + AKG + NADH + ATP = GLU ;

R36: NH4 + GLU + ATP = GLN ;

R37: GLU + 2.0 NADPH + ATP = PRO ;

R38: GLU + GLN + ASP + NADPH + C 02  + 4.0 ATP = AKG + FUM + ARG ; 

R39: GLU + OAA = AKG + ASP ;

R40: NH4 + ASP + ATP = ASN ;

R41: GLU + ASP + 2.0 NADPH + PYR + ATP = C 02 + AKG + LYS ;

R42: MTHF + ASP + 2.0 NADPH + 2.0 ATP = MET ;

R43: ASP + 2.0 NADPH + 2.0 ATP = THR ;

R44: THR + NADPH + PYR = C 02  + ILE ;

R45: GLU + PG = NADH + AKG + SER ;

R46: SER = CYS ;

R47: SER = M THF+ GLY ;

R48: GLN + PRPP + ATP = GLU + 5A4CRN + HIS ;

R49: NADPH + AcCoA + ATP = NADH + C 02 + FADH + FTHF ;

R50: FTHF + NADH = MTHF ;

R51: ATP = ;

R52: 0.5 0 2  + NADH = 2.0 ATP ;

R53: 0.5 0 2  + FADH = 1.33 ATP ;

R54: 0.09 HIS + 0.087 CYS + 0.276 DLE + 0.241 THR + 0.146 MET + 0.326 LYS + 
0.229 ASN + 0.281 ARG + 0.21 PRO + 0.428 LEU + 0.402 VAL + 0.5432 ALA + 
0.054 TRP + 0.334 SER + 0.131 TYR + 0.176 PHE + 0.2284 GMP + 0.1897 AMP + 
0.585 GLY + 0.0247 TMP + 0.0485 MTHF + 0.1514 CMP + 0.136 UMP + 0.5478 
GLU + 0.25 GLN + 0.229 ASP + 0.0276 OAA + 0.0235 S7P + 0.0235 R5P + 5.1875 
NADPH + 2.4998 AcCoA + 0.0276 PYR + 0.0511 PEP + 0.0235 PG + 0.129 GAP + 
4.2856 ATP + 0.0709 F6P + 0.154 G6P = 0.0235 NADH + 0.2109 AKG ;

R55 (A): = ASP ;

R55 (B ): ATP + AKG = C 0 2  + FUM + GLU + 2 NADH + 2 FADH ;

R55 (C): = ALA ;

R56: = 0 2  ;

R57: C 02  = ;
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APPENDIX C: KINETIC CONSTANTS FOR R  EUTROPHA PHA 

BIOSYNTHETIC ENZYMES

BktB B-Ketothiolase:

3HB production:

A = B = acetyl-CoA 

P = CoA

Q = acetoacetyl-CoA

I = propionyl-CoA

Vf = 0.07 mmol/min/g-protein

Vr = 0.50 mmol/min/g-protein

Kma = Kmb = 1300 pM

Kmp = 50 jlaM

Kraq = 37 pM

Keq = 2*10‘5

Kia = 2000 pM

Kiq = 10 pM

Ki = 500 pM

3HV production:

A = propionyl-CoA 

B = acetyl-CoA 

P = CoA

Q = B-ketovaleryl-CoA 

I = acetyl-CoA

Vf = 0.13 mmol/min/g-protein 

V r = 1.0 mmol/min/g-protein 

= 500 pM 

Kmb = 1300 pM 

Kmp = 50 pM  

Kmq = 15 JUM 

Keq = 2*10'5 

Kia = 1000 pM 

Kiq = 5 pM 

Ki = 1300 pM
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Acetoacetyl-CoA Reductase:

Light Conditions

3HB production:

A = NADPH  

B = acetoacetyl-CoA 

P = B-hydroxybutyryl-CoA 

Q = NADP+

Vf = 0.9 mmol/min/g-protein

Vr = 0.046 mmol/min/g-protein

Keq = 80

Kia = 50 pM

Kmb = 5 pM

Kma = 20 pM

Kmq = 31 pM

Kmp = 17 pM

Kiq = 60 pM

Kip = 5 pM

Kib = 37 pM

3HV production:

A = NADPH  

B = B-ketovaleryl-CoA 

P = B-hydroxyvaleryl-CoA 

Q = NADP+

Vf = 0.3 mmol/min/g-protein

V r = 0.0153 mmol/min/g-protein

Keq = 80

Kia = 50 pM

Kmb = 5 pM

Kma = 20 pM

Kmq = 31 pM

Kmp = 17 pM

Kiq = 60 pM

Kip = 5 pM

Kib = 37 pM
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Dark Conditions

3HB production:

A  = NADPH  

B = acetoacetyl-CoA 

P = 8-hydroxybutyryl-CoA 

Q = NADP+

V f  = 1.5 mmol/min/g-protein

Vr = 0.021 mmol/min/g-protein

Keq = 490

Kia = 50 pM

Kmb = 5 pM
Kma = 20 pM
Kraq = 31 pM

Kmp = 17 pM

Kiq = 100 pM

Kip = 3.1 pM

Kib = 50 pM

3HV production:

A = NADPH  

B = B-ketovaleryl-CoA 

P = B-hydroxyvaleryl-CoA 

Q = NADP+

Vf = 0.5 mmol/min/g-protein

V r = 0.0069 mmol/min/g-protein

Keq = 490

Kia = 50 pM

Kmb = 5 pM

Kma = 20 pM

Kmq = 31 pM

Kmp = 17 pM

Kiq = 100 pM

Kip = 3.1 pM

Kib = 50 pM

PHB Synthase:

3HB production:

S = B-hydroxybutyryl-CoA 

I = B-hydroxyvaleryl-CoA 

Vm = 0.1 mmol/min/g-protein 

Km = 250 pM  

K  = 300 pM

3HV production:

S = B-hydroxyvaleryl-CoA 

I = B-hydroxybutyryl-CoA 

Vra = 0.0425 mmol/min/g-protein 

Km = 300 pM  

Ki = 250 pM
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APPENDIX D: FERMENTATION RAW DATA

Aspartate and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate aspartate o 2 c o 2

hrs g/1 mM mM mM mM mM/l/hr mM/l/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

0.00 0.08 22.64 0.13 0.08 14.54 0.30 0.50

16.50 0.98 17.53 0.47 0.13 9.93 4.00 4.50

17.50 1.13 16.39 0.42 0.13 9.23 5.50 6.00

23.50 1.70 9.93 0.15 0.13 3.57 8.00 8.50

24.50 1.74 8.60 0.15 0.10 2.84 8.00 8.50

40.50 2.63 0.00 0.01 0.96 0.46 2.20 2.50

48.50 2.41 0.00 0.05 0.77 0.31 1.90 2.00

65.50 2.34 0.00 0.01 0.75 0.26 1.20 1.30

Valine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate valine o 2 n o to

hrs g/1 mM mM mM mM mM/l/hr mM/l/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

0.00 0.14 24.04 0.51 0.14 19.69 0.20 0.50

7.50 0.18 20.19 0.75 0.25 18.23 0.50 0.75

23.50 0.60 17.18 2.38 0.76 8.37 2.50 2.25

31.50 0.95 12.52 3.33 0.99 0.00 4.50 3.50

47.50 1.70 0.00 6.19 2.16 0.00 5.00 4.00

53.50 1.68 0.00 5.34 2.11 0.00 3.00 2.50
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Alanine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate alanine o 2 c o 2

hrs g/1 mM mM mM mM mM/l/hr mM/l/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

0.00 0.10 29.22 0.74 0.11 27.64 0.30 0.30

6.75 0.15 28.16 0.99 0.24 27.00 0.50 0.50

22.75 0.97 11.15 5.22 0.74 20.00 4.00 4.00

30.75 1.76 0.14 8.36 0.98 12.15 6.50 6.50

46.75 2.53 0.00 7.84 1.22 2.84 3.50 3.50

50.75 2.52 0.00 6.40 1.16 0.00 3.50 3.50
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APPENDIX E: “MEASURED” FLUXES:

Note that the yellow fields indicate that measurement was excluded from the flux 
calculation to minimise the errors

Aspartate and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate aspartate o 2 C02

hrs hr'1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

8.3 0.103 0.582 0.038 0.006 0.525 4.044 4.702

17.0 0.142 1.083 -0.047 -0.001 0.664 4.488 4.961

20.5 0.066 0.760 -0.032 0.000 0.666 4.770 5.124

24.0 0.023 0.774 0.005 -0.017 0.427 4.660 4.951

32.5 0.026 0.246 -0.004 0.025 0.068 2.336 2.519

44.5 -0.011 0000 0.002 -0.010 0.007 0.814 0.893

57.0 -0.002 0.000 -0.001 0.000 0.001 0.653 0.695

Valine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate valine o2

Ou

hrs hr'1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.8 0.033 3.188 0.199 0.092 1.209 2.174 3.882

15.5 0.067 0.481 0.259 0.081 1.573 3.831 3.831

27.5 0.057 0.749 0.152 0.038 1.345 4.499 3.695

39.5 0.035 0.590 0.135 0.055 0.000 3.584 2.830

50.5 -0.001 0.000 -0.084 -0.005 0.000 2.368 1.924

E.B. Daae, 1999 PhD Thesis Page 218



Alanine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate alanine o 2 C02

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.4 0.061 1.268 0.302 0.153 0.757 3.213 3.213

14.8 0.092 1.891 0.470 0.056 0.778 4.004 4.004

26.8 0.072 1.008 0.288 0.022 0.719 3.847 3.847

38.8 0.023 0.004 -0.015 0.007 0.271 2.332 2.332

48.8 -0.001 0.000 -0.142 -0.007 0.281 1.385 1.385
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APPENDIX F: STANDARD DEVIATIONS FOR “MEASURED”

FLUX DATA:

Aspartate and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate aspartate o 2 C02

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

8.3 0.005 0.050 0.010 0.010 0.040 0.500 0.400

17.0 0.005 0.050 0.010 0.010 0.040 0.500 0.400

20.5 0.005 0.050 0.010 0.010 0.040 0.500 0.400

24.0 0.005 0.050 0.010 0.010 0.040 0.500 0.400

32.5 0.005 0.050 0.010 0.010 0.040 0.500 0.400

44.5 0.005 0.050 0.010 0.010 0.040 0.500 0.400

57.0 0.005 0.050 0.010 0.010 0.040 0.500 0.400

Valine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate valine o 2 C02

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.8 0.005 0.050 0.050 0.050 0.100 0.500 0.400

15.5 0.005 0.050 0.050 0.050 0.826 0.500 0.400

27.5 0.005 0.050 0.050 0.050 0.826 0.500 0.400

39.5 0.005 0.050 0.050 0.050 0.826 0.500 0.400

50.5 0.005 0.050 0.050 0.050 0.100 0.500 0.400
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Alanine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate alanine o2

ou

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.4 0.005 0.090 0.020 0.020 0.060 0.500 0.400

14.8 0.005 0.090 0.020 0.020 0.060 0.500 0.400

26.8 0.005 0.090 0.020 0.020 0.060 0.500 0.400

38.8 0.005 0.090 0.020 0.020 0.060 0.500 0.400

48.8 0.005 0.090 0.020 0.020 0.561 0.500 0.400

E.B. Daae, 1999 PhD Thesis Page 221



APPENDIX G: ERRORS ANALYSIS OF “MEASURED” FLUXES

(The rows correspond to the time in the tables on measured fluxes above)

Aspartate and glucose fermentation:

he deg.
freedom

biomass glucose pyruvate a-kg aspartate o 2 c o 2

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

12.40 2 0.01 0.43 0.23 0.20 #N/A 0.01 0.00

12.23 2 0.00 0.06 0.14 0.16 #N/A 0.00 0.34

2.44 3 0.30 0.78 0.69 0.67 0.31 0.68 0.32

0.26 2 0.65 0.99 0.96 0.95 #N/A 0.65 0.71

7.24 2 0.02 0.89 0.64 0.60 #N/A 0.02 0.04

3.40 2 0.92 #N/A 0.07 0.07 0.76 0.07 0.07

2.45 3 0.30 0.96 0.96 0.95 0.31 0.38 0.53

Subsets 1 ,2 and 5 from the top did not pass the %2 test for 90% confidence intervals and were not used to 
calculate strain specific parameters.

Valine and glucose fermentation:

he deg.
freedom

biomass glucose pyruvate a-kg valine o 2 C02

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

72.93 2 0.00 #N/A 0.00 0.00 0.00 0.00 0.00

7.59 3 0.51 0.44 0.52 0.53 0.04 0.03 0.15

2.58 3 0.29 0.47 0.52 0.53 0.44 0.28 0.59

0.94 3 0.66 0.66 0.69 0.70 0.68 0.73 0.90

0.61 2 0.45 #N/A 0.90 0.90 0.44 0.90 0.90

Subsets 1 and 2 from the top did not pass the %2 test for 90% confidence intervals and were not used to 
calculate strain specific parameters.
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Alanine and glucose fermentation:

K deg.
freedom

biomass glucose pyruvate cx-kg alanine o2 co2
R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

4.22 2 0.79 #N/A 0.04 0.04 0.76 0.04 0.04

2.66 2 0.81 #N/A 0.11 0.11 0.84 0.11 0.11

0.85 3 0.67 0.98 0.96 0.96 0.66 0.71 0.71

0.39 2 0.94 #N/A 0.54 0.54 0.95 0.54 0.54

2.51 3 0.35 0.87 0.81 0.80 0.33 0.36 0.36
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APPENDIX H: RECONCILIATED “MEASURED” FLUXES

Aspartate and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate aspartate o 2 c o 2

hrs hr'1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

8.3 0.102 0.700 0.036 0.002 1.004 2.971 4.133

17.0 0.142 0.982 -0.045 0.002 1.396 4.424 6.086

20.5 0.067 0.808 -0.033 -0.001 0.659 4.192 4.984

24.0 0.023 0.792 0.005 -0.017 0.229 4.551 4.834

32.5 0.025 0.339 -0.006 0.022 0.246 1.683 1.953

44.5 -0.004 0.135 0.002 -0.010 -0.039 0.885 0.848

57.0 -0.001 0.053 -0.002 -0.002 -0.007 0.338 0.333

Valine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate valine o 2 C02

hrs hr'1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.8 0.050 0.590 0.193 0.079 0.496 3.421 3.084

15.5 0.069 0.552 0.225 0.024 0.679 3.585 3.229

27.5 0.056 0.719 0.168 0.064 0.556 4.404 4.076

39.5 0.035 0.581 0.141 0.066 0.343 3.340 3.092

50.5 -0.001 0.311 -0.083 -0.002 -0.011 2.069 2.116
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Alanine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate alanine o2 co2

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.4 0.067 0.906 0.301 0.153 0.662 3.327 3.140

14.8 0.087 1.074 0.470 0.056 0.853 4.089 3.949

26.8 0.072 0.939 0.289 0.025 0.714 4.012 3.968

38.8 0.025 0.428 -0.015 0.007 0.243 2.306 2.349

48.8 -0.001 0.114 -0.145 -0.011 -0.015 1.107 1.188
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APPENDIX I: STANDARD DEVIATIONS OF RECONCILIATED 

“MEASURED” FLUXES

Aspartate and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate aspartate o2 co2
hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

8.3 0.005 0.036 0.010 0.010 0.049 0.222 0.219

17.0 0.005 0.036 0.010 0.010 0.049 0.222 0.219

20.5 0.003 0.036 0.010 0.010 0.031 0.219 0.219

24.0 0.005 0.036 0.010 0.010 0.049 0.222 0.219

32.5 0.005 0.036 0.010 0.010 0.049 0.222 0.219

44.5 0.003 0.053 0.010 0.010 0.031 0.313 0.313

57.0 0.003 0.036 0.010 0.010 0.031 0.219 0.219

Valine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate valine o2 co2
hrs hr'1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.8 0.004 0.069 0.050 0.050 0.044 0.314 0.313

15.5 0.005 0.041 0.048 0.045 0.049 0.237 0.257

27.5 0.005 0.041 0.048 0.045 0.049 0.237 0.257

39.5 0.005 0.041 0.048 0.045 0.049 0.237 0.257

50.5 0.004 0.069 0.050 0.050 0.044 0.314 0.313
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Alanine and glucose fermentation:

time biomass glucose pyruvate a-ketoglutarate alanine o 2 cs
ou

hrs hr1 mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr mM/g/hr

R54:$ Rl:$ R8:$ R17:$ R55:$ R56:$ R57:$

3.4 0.004 0.055 0.020 0.020 0.038 0.313 0.312

14.8 0.004 0.055 0.020 0.020 0.038 0.313 0.312

26.8 0.004 0.047 0.020 0.020 0.038 0.271 0.273

38.8 0.004 0.055 0.020 0.020 0.038 0.313 0.312

48.8 0.005 0.047 0.020 0.020 0.049 0.271 0.273
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APPENDIX J: CALCULATED FLUXES

Aspartate and glucose fermentation: (fluxes in mM/g/hr)

Time
(hrs)

8.3 17.0 20.5 24.0 32.5 44.5 57.0

Reaction

R2: -0.228 -0.308 0.199 0.581 0.112 0.170 0.059

R3: 0.302 0.429 0.547 0.701 0.241 0.150 0.056

R4: 0.850 1.200 1.255 1.459 0.543 0.290 0.110

R5: 0.706 1.000 1.161 1.426 0.508 0.296 0.111

R6: 1.344 1.887 1.582 1.589 0.642 0.281 0.108

R7: 1.020 1.531 1.425 1.518 0.578 0.290 0.112

R9: 0.912 1.268 0.599 0.208 0.223 -0.035 -0.006

RIO: 0.540 0.751 0.355 0.123 0.132 -0.021 -0.004

Rl l : 0.372 0.517 0.244 0.085 0.091 -0.014 -0.003

R12: 0.290 0.403 0.190 0.066 0.071 -0.011 -0.002

R13: 0.287 0.399 0.189 0.065 0.070 -0.011 -0.002

R14: 0.251 0.348 0.164 0.057 0.061 -0.010 -0.002

R15: -0.711 -0.989 -0.469 -0.179 -0.152 0.018 0.003

R16: 0.716 1.109 1.226 1.449 0.503 0.302 0.114

R18: 0.604 0.954 1.155 1.441 0.455 0.316 0.117

R19: 0.695 1.080 1.214 1.462 0.477 0.312 0.116

R20: 0.080 0.111 0.052 0.018 0.020 -0.003 -0.001

R21: 0.032 0.044 0.021 0.007 0.008 -0.001 0.000

R22: 0.015 0.021 0.010 0.004 0.004 -0.001 0.000

R23: 0.003 0.003 0.002 0.001 0.001 0.000 0.000

R24: 0.033 0.046 0.022 0.008 0.008 -0.001 0.000

R25: 0.043 0.059 0.028 0.010 0.010 -0.002 0.000

R26: 0.019 0.027 0.013 0.004 0.005 -0.001 0.000

R27: 0.023 0.032 0.015 0.005 0.006 -0.001 0.000

R28: 0.037 0.051 0.024 0.008 0.009 -0.001 0.000

R29: 0.018 0.025 0.012 0.004 0.004 -0.001 0.000

R30: 0.013 0.019 0.009 0.003 0.003 -0.001 0.000

R31: 0.005 0.008 0.004 0.001 0.001 0.000 0.000

R32: 0.055 0.077 0.036 0.013 0.014 -0.002 0.000

R33: 0.041 0.057 0.027 0.009 0.010 -0.002 0.000

R34: 0.044 0.061 0.029 0.010 0.011 -0.002 0.000

R35: -0.261 -0.362 -0.171 -0.059 -0.064 0.010 0.002
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Time
(hrs)

8.3 17.0 20.5 24.0 32.5 44.5 57.0

Reaction

R36: 0.206 0.286 0.135 0.047 0.050 -0.008 -0.001

R37: 0.021 0.030 0.014 0.005 0.005 -0.001 0.000

R38: 0.029 0.040 0.019 0.007 0.007 -0.001 0.000

R39: -0.735 -1.022 -0.482 -0.167 -0.180 0.028 0.005

R40: 0.023 0.032 0.015 0.005 0.006 -0.001 0.000

R41: 0.033 0.046 0.022 0.008 0.008 -0.001 0.000

R42: 0.015 0.021 0.010 0.003 0.004 -0.001 0.000

R43: 0.053 0.073 0.035 0.012 0.013 -0.002 0.000

R44: 0.028 0.039 0.018 0.006 0.007 -0.001 0.000

R45: 0.141 0.197 0.093 0.032 0.035 -0.005 -0.001

R46: 0.009 0.012 0.006 0.002 0.002 0.000 0.000

R47: 0.093 0.129 0.061 0.021 0.023 -0.004 -0.001

R48: 0.009 0.013 0.006 0.002 0.002 0.000 0.000

R49: 0.005 0.007 0.003 0.001 0.001 0.000 0.000

R50: -0.071 -0.098 -0.046 -0.016 -0.017 0.003 0.000

R51: 11.522 17.247 17.477 19.815 7.080 3.989 1.510

R52: 5.333 7.887 7.225 7.659 2.910 1.454 0.559

R53: 0.610 0.961 1.158 1.443 0.456 0.316 0.117
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Valine and glucose fermentation: (fluxes in mM/g/hr)

Time
(hrs)

3.75 15.5 27.5 39.5 50.5

Reaction

R2: 0.131 -0.076 0.205 0.264 0.321

R3: 0.393 0.283 0.499 0.445 0.316

R4: 0.908 0.732 1.134 0.974 0.629

R5: 0.837 0.635 1.054 0.924 0.630

R6: 1.073 1.043 1.344 1.077 0.626

R7: 0.738 0.623 1.017 0.837 0.711

R9: 0.451 0.617 0.505 0.312 -0.010

RIO: 0.267 0.365 0.299 0.185 -0.006

Rl l : 0.184 0.251 0.206 0.127 -0.004

R12: 0.143 0.196 0.160 0.099 -0.003

R13: 0.142 0.194 0.159 0.098 -0.003

R14: 0.124 0.169 0.139 0.086 -0.003

R15: -0.273 -0.458 -0.331 -0.178 0.005

R16: 0.588 0.418 0.849 0.734 0.715

R18: 0.454 0.320 0.725 0.630 0.718

R19: 0.995 1.060 1.331 1.004 0.706

R20: 0.039 0.054 0.044 0.027 -0.001

R21: 0.016 0.021 0.018 0.011 0.000

R22: 0.008 0.010 0.009 0.005 0.000

R23: 0.001 0.002 0.001 0.001 0.000

R24: 0.017 0.023 0.018 0.011 0.000

R25: 0.021 0.029 0.024 0.015 0.000

R26: 0.010 0.013 0.011 0.007 0.000

R27: 0.011 0.016 0.013 0.008 0.000

R28: 0.018 0.025 0.020 0.013 0.000

R29: 0.009 0.012 0.010 0.006 0.000

R30: 0.007 0.009 0.007 0.005 0.000

R31: 0.003 0.004 0.003 0.002 0.000

R32: 0.027 0.037 0.031 0.019 -0.001

R33: 0.020 0.028 0.023 0.014 0.000

R34: 0.022 0.029 0.024 0.015 0.000

R35: -0.129 -0.176 -0.144 -0.089 0.003

R36: 0.102 0.139 0.114 0.070 -0.002

R37: 0.011 0.014 0.012 0.007 0.000

R38: 0.014 0.019 0.016 0.010 0.000
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Time
(hrs)

3.75 15.5 27.5 39.5 50.5

Reaction

R39: 0.133 0.182 0.149 0.092 -0.003

R40: 0.012 0.016 0.013 0.008 0.000

R41: 0.016 0.022 0.018 0.011 0.000

R42: 0.007 0.010 0.008 0.005 0.000

R43: 0.026 0.036 0.029 0.018 -0.001

R44: 0.014 0.019 0.016 0.010 0.000

R45: 0.070 0.096 0.078 0.048 -0.002

R46: 0.004 0.006 0.005 0.003 0.000

R47: 0.046 0.063 0.051 0.032 -0.001

R48: 0.005 0.006 0.005 0.003 0.000

R49: 0.003 0.004 0.003 0.002 0.000

R50: -0.035 -0.048 -0.039 -0.024 0.001

R51: 12.881 12.636 16.904 13.254 9.182

R52: 5.392 5.490 6.968 5.361 3.442

R53: 1.450 1.681 1.839 1.319 0.696
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Alanine and glucose fermentation: (fluxes in mM/g/hr)

Time
(hrs)

3.38 14.75 26.75 38.75 48.75

Reaction

R2: 0.294 0.286 0.280 0.204 0.128

R3: 0.644 0.737 0.657 0.332 0.120

R4: 1.451 1.682 1.488 0.724 0.236

R5: 1.356 1.560 1.386 0.689 0.238

R6: 0.962 1.194 1.102 0.594 0.255

R7: 1.133 1.333 1.322 0.782 0.389

R9: 0.602 0.775 0.648 0.220 -0.013

RIO: 0.356 0.459 0.384 0.130 -0.008

Rl l : 0.245 0.316 0.264 0.090 -0.005

R12: 0.191 0.246 0.206 0.070 -0.004

R13: 0.189 0.244 0.204 0.069 -0.004

R14: 0.165 0.213 0.178 0.061 -0.004

R15: 0.346 0.303 0.232 0.078 -0.015

R16: 0.933 1.075 1.106 0.709 0.394

R18: 0.707 0.926 1.004 0.675 0.406

R19: 0.767 1.003 1.068 0.697 0.405

R20: 0.053 0.068 0.057 0.019 -0.001

R21: 0.021 0.027 0.023 0.008 0.000

R22: 0.010 0.013 0.011 0.004 0.000

R23: 0.002 0.002 0.002 0.001 0.000

R24: 0.022 0.028 0.024 0.008 0.000

R25: 0.028 0.036 0.030 0.010 -0.001

R26: 0.013 0.016 0.014 0.005 0.000

R27: 0.015 0.020 0.017 0.006 0.000

R28: 0.024 0.031 0.026 0.009 -0.001

R29: 0.012 0.015 0.013 0.004 0.000

R30: 0.009 0.011 0.009 0.003 0.000

R31: 0.004 0.005 0.004 0.001 0.000

R32: -0.626 -0.806 -0.674 -0.229 0.014

R33: 0.027 0.035 0.029 0.010 -0.001

R34: 0.029 0.037 0.031 0.011 -0.001

R35: -0.172 -0.221 -0.185 -0.063 0.004

R36: 0.136 0.175 0.146 0.050 -0.003

R37: 0.014 0.018 0.015 0.005 0.000

R38: 0.019 0.024 0.020 0.007 0.000
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Time
(hrs)

3.38 14.75 26.75 38.75 48.75

Reaction

R39: 0.178 0.229 0.192 0.065 -0.004

R40: 0.015 0.020 0.017 0.006 0.000

R41: 0.022 0.028 0.024 0.008 0.000

R42: 0.010 0.013 0.011 0.004 0.000

R43: 0.035 0.045 0.037 0.013 -0.001

R44: 0.019 0.024 0.020 0.007 0.000

R45: 0.093 0.120 0.100 0.034 -0.002

R46: 0.006 0.008 0.006 0.002 0.000

R47: 0.061 0.079 0.066 0.022 -0.001

R48: 0.006 0.008 0.007 0.002 0.000

R49: 0.004 0.005 0.004 0.001 0.000

R50: -0.047 -0.060 -0.050 -0.017 0.001

R51: 14.061 17.144 16.864 9.829 4.819

R52: 5.944 7.248 7.016 3.936 1.808

R53: 0.710 0.930 1.007 0.676 0.406

E.B. Daae, 1999 PhD Thesis Page 233



APPENDIX K: STANDARD DEVIATIONS FOR CALCULATED 

FLUXES

Aspartate and glucose fermentation: (in mM/g/hr)

Time
(hrs)

8.3 17.0 20.5 24.0 32.5 44.5 57.0

Reaction

R2: 0.000 0.000 0.046 0.000 0.000 0.052 0.046

R3: 0.046 0.046 0.038 0.046 0.046 0.055 0.038

R4: 0.055 0.055 0.074 0.055 0.055 0.076 0.074

R5: 0.077 0.077 0.075 0.077 0.077 0.107 0.075
R6: 0.072 0.072 0.072 0.072 0.072 0.105 0.072

R7: 0.072 0.072 0.073 0.072 0.072 0.104 0.073
R9: 0.000 0.000 0.028 0.000 0.000 0.000 0.028

RIO: 0.034 0.034 0.017 0.034 0.034 0.022 0.017
Rl l : 0.022 0.022 0.011 0.022 0.022 0.014 0.011
R12: 0.016 0.016 0.009 0.016 0.016 0.010 0.009
R13: 0.014 0.014 0.009 0.014 0.014 0.009 0.009
R14: 0.013 0.013 0.008 0.013 0.013 0.008 0.008
R15: 0.000 0.000 0.024 0.000 0.000 0.000 0.024
R16: 0.031 0.031 0.075 0.031 0.031 0.020 0.075
R18: 0.079 0.079 0.076 0.079 0.079 0.105 0.076

R19: 0.080 0.080 0.076 0.080 0.080 0.106 0.076

R20: 0.000 0.000 0.002 0.000 0.000 0.000 0.002
R21: 0.002 0.002 0.001 0.002 0.002 0.002 0.001

R22: 0.001 0.001 0.000 0.001 0.001 0.001 0.000
R23: 0.000 0.000 0.000 0.000 0.000 0.000 0.000
R24: 0.000 0.000 0.001 0.000 0.000 0.000 0.001

R25: 0.002 0.002 0.001 0.002 0.002 0.001 0.001

R26: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R27: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R28: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R29: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R30: 0.001 0.001 0.000 0.001 0.001 0.000 0.000
R31: 0.000 0.000 0.000 0.000 0.000 0.000 0.000
R32: 0.001 0.001 0.002 0.001 0.001 0.001 0.002

R33: 0.002 0.002 0.001 0.002 0.002 0.001 0.001

R34: 0.002 0.002 0.001 0.002 0.002 0.001 0.001
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Time
(hrs)

8.3 17.0 20.5 24.0 32.5 44.5 57.0

Reaction

R35: 0.000 0.000 0.008 0.000 0.000 0.000 0.008

R36: 0.000 0.000 0.006 0.000 0.000 0.000 0.006

R37: 0.003 0.003 0.001 0.003 0.003 0.002 0.001

R38: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R39: 0.000 0.000 0.023 0.000 0.000 0.000 0.023

R40: 0.000 0.000 0.001 0.000 0.000 0.000 0.001

R41: 0.001 0.001 0.001 0.001 0.001 0.001 0.001

R42: 0.001 0.001 0.000 0.001 0.001 0.001 0.000

R43: 0.001 0.001 0.002 0.001 0.001 0.001 0.002

R44: 0.002 0.002 0.001 0.002 0.002 0.001 0.001

R45: 0.003 0.003 0.004 0.003 0.003 0.002 0.004

R46: 0.002 0.002 0.000 0.002 0.002 0.001 0.000

R47: 0.001 0.001 0.003 0.001 0.001 0.001 0.003

R48: 0.001 0.001 0.000 0.001 0.001 0.001 0.000

R49: 0.000 0.000 0.000 0.000 0.000 0.000 0.000

R50: 0.000 0.000 0.002 0.000 0.000 0.000 0.002

R51: 0.031 0.031 0.981 0.031 0.031 0.018 0.981

R52: 0.605 0.605 0.364 0.605 0.605 0.853 0.364

R53: 0.168 0.168 0.076 0.168 0.168 0.234 0.076
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Valine and glucose fermentation: (in mM/g/hr)

Time
(hrs)

3.75 15.5 27.5 39.5 50.5

Reaction

R2: 0.072 0.063 0.063 0.063 0.072

R3: 0.078 0.046 0.046 0.046 0.078

R4: 0.103 0.087 0.087 0.087 0.103

R5: 0.144 0.090 0.090 0.090 0.144

R6: 0.127 0.078 0.078 0.078 0.127

R7: 0.110 0.082 0.082 0.082 0.110

R9: 0.000 0.044 0.044 0.044 0.000

RIO: 0.031 0.026 0.026 0.026 0.031

Rl l : 0.020 0.018 0.018 0.018 0.020

R12: 0.014 0.014 0.014 0.014 0.014

R13: 0.013 0.014 0.014 0.014 0.013

R14: 0.012 0.012 0.012 0.012 0.012

R15: 0.000 0.055 0.055 0.055 0.000

R16: 0.053 0.088 0.088 0.088 0.053

R18: 0.112 0.105 0.105 0.105 0.112

R19: 0.107 0.093 0.093 0.093 0.107

R20: 0.000 0.004 0.004 0.004 0.000

R21: 0.002 0.002 0.002 0.002 0.002

R22: 0.001 0.001 0.001 0.001 0.001

R23: 0.000 0.000 0.000 0.000 0.000

R24: 0.000 0.002 0.002 0.002 0.000

R25: 0.002 0.002 0.002 0.002 0.002

R26: 0.001 0.001 0.001 0.001 0.001

R27: 0.001 0.001 0.001 0.001 0.001

R28: 0.001 0.002 0.002 0.002 0.001

R29: 0.001 0.001 0.001 0.001 0.001

R30: 0.001 0.001 0.001 0.001 0.001

R31: 0.000 0.000 0.000 0.000 0.000

R32: 0.001 0.003 0.003 0.003 0.001

R33: 0.002 0.002 0.002 0.002 0.002

R34: 0.002 0.002 0.002 0.002 0.002

R35: 0.000 0.013 0.013 0.013 0.000

R36: 0.000 0.010 0.010 0.010 0.000

R37: 0.003 0.001 0.001 0.001 0.003

R38: 0.001 0.001 0.001 0.001 0.001
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Time
(hrs)

3.75 15.5 27.5 39.5 50.5

Reaction

R39: 0.004 0.013 0.013 0.013 0.004

R40: 0.003 0.001 0.001 0.001 0.003

R41: 0.001 0.002 0.002 0.002 0.001

R42: 0.001 0.001 0.001 0.001 0.001

R43: 0.001 0.003 0.003 0.003 0.001

R44: 0.002 0.001 0.001 0.001 0.002

R45: 0.003 0.007 0.007 0.007 0.003

R46: 0.002 0.000 0.000 0.000 0.002

R47: 0.001 0.005 0.005 0.005 0.001

R48: 0.001 0.000 0.000 0.000 0.001

R49: 0.000 0.000 0.000 0.000 0.000

R50: 0.000 0.003 0.003 0.003 0.000

R51: 0.024 1.025 1.025 1.025 0.024

R52: 0.864 0.382 0.382 0.382 0.864

R53: 0.227 0.105 0.105 0.105 0.227
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Alanine and glucose fermentation: (in mM/g/hr)

Time
(hrs)

3.38 14.75 26.75 38.75 48.75

Reaction

R2: 0.053 0.053 0.056 0.053 0.061

R3: 0.057 0.057 0.048 0.057 0.049

R4: 0.078 0.078 0.095 0.078 0.095

R5: 0.111 0.111 0.095 0.111 0.096

R6: 0.109 0.109 0.096 0.109 0.099

R7: 0.105 0.105 0.090 0.105 0.090

R9: 0.000 0.000 0.035 0.000 0.044

RIO: 0.027 0.027 0.020 0.027 0.026

Rll: 0.017 0.017 0.014 0.017 0.018

R12: 0.012 0.012 0.011 0.012 0.014

R13: 0.011 0.011 0.011 0.011 0.014

R14: 0.010 0.010 0.009 0.010 0.012

R15: 0.010 0.010 0.023 0.010 0.024

R16: 0.009 0.009 0.092 0.009 0.092

R18: 0.105 0.105 0.094 0.105 0.095

R19: 0.105 0.105 0.093 0.105 0.094

R20: 0.000 0.000 0.003 0.000 0.004

R21: 0.002 0.002 0.001 0.002 0.002

R22: 0.001 0.001 0.001 0.001 0.001

R23: 0.000 0.000 0.000 0.000 0.000

R24: 0.000 0.000 0.001 0.000 0.002

R25: 0.001 0.001 0.002 0.001 0.002

R26: 0.001 0.001 0.001 0.001 0.001

R27: 0.001 0.001 0.001 0.001 0.001

R28: 0.001 0.001 0.001 0.001 0.002

R29: 0.001 0.001 0.001 0.001 0.001

R30: 0.001 0.001 0.001 0.001 0.001

R31: 0.000 0.000 0.000 0.000 0.000

R32: 0.000 0.000 0.036 0.000 0.046

R33: 0.000 0.000 0.002 0.000 0.002

R34: 0.002 0.002 0.002 0.002 0.002

R35: 0.000 0.000 0.010 0.000 0.013

R36: 0.000 0.000 0.008 0.000 0.010

R37: 0.003 0.003 0.001 0.003 0.001

R38: 0.001 0.001 0.001 0.001 0.001
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Time
(hrs)

3.38 14.75 26.75 38.75 48.75

Reaction

R39: 0.003 0.003 0.010 0.003 0.013

R40: 0.003 0.003 0.001 0.003 0.001

R41: 0.001 0.001 0.001 0.001 0.002

R42: 0.001 0.001 0.001 0.001 0.001

R43: 0.001 0.001 0.002 0.001 0.003

R44: 0.001 0.001 0.001 0.001 0.001

R45: 0.002 0.002 0.005 0.002 0.007

R46: 0.001 0.001 0.000 0.001 0.000

R47: 0.001 0.001 0.004 0.001 0.005

R48: 0.001 0.001 0.000 0.001 0.000

R49: 0.000 0.000 0.000 0.000 0.000

R50: 0.000 0.000 0.003 0.000 0.003

R51: 0.015 0.015 1.208 0.015 1.213

R52: 0.851 0.851 0.451 0.851 0.451

R53: 0.232 0.232 0.094 0.232 0.095
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APPENDIX L: VISUAL BASIC FOR APPLICATIONS, PROGRAM 

CODE

As it appears in recmatx.xls (the excel file containing the metabolic flux analysis 
program).

'THIS MACRO WILL READ THE TEXT IN A REACTION LIST TEXT FILE AND 
PRODUCE A STOCHIOMETRIC MATRIX IN THE "Stoic Matrix" SHEET

Sub Make_Stoic_Matrix()

Dim WordArray As Variant

Sheets("Stoic Matrix").Cells.ClearContents

'Use Excel's File Open dialog to get the filename to read.

WordArray = ReadTextFile(Application.GetOpenFilename)

iLength = UBound(WordArray) - 1

i = 1 

j = 2

iEndLineLoc = InStr(WordArray(i),";")

Do While i <= iLength

iCommentLoc = InStr(WordArray(i), "#") 

iEndLineLoc = InStr(WordArray(i),";")

If iEndLineLoc Then 'end of line 

i = i + 1

Elself iCommentLoc Then ' comment line 

D o Until iEndLineLoc > 0

iEndLineLoc = InStr(WordArray(i),";") 

i = i + 1 

Loop
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Else

sRecName = WordArray(i)

Sheets("Stoic Matrix").Cells(l, j) = sRecName 

vSign = -1

Do 

i = i + 1

iEndLineLoc = InStr(WordArray(i),

If IsNumeric(WordArray(i)) = True Then 

sNoMet = WordArray(i)

Elself WordArray(i) = "=" Then 

vSign = 1 

Else

sMet = WordArray(i)

If iEndLineLoc Then

sMet = Mid(sMet, 1, iEndLineLoc - 1)

If sMet = "=" Then 

sMet =""

End If 

End If 

End If

If sMet = "" Then 

Else

If sNoMet = "" Then 

sNoMet = 1 

End If

If TypeName(Sheets("Stoic Matrix").Columns(l).Find _  

(What:=sMet, After:=Sheets("Stoic Matrix").Cells(l, 1), _  

LookIn:=xlValues, LookAt:=xlWhole, SearchOrder:=xlByRows, 

SearchDirection:=xlNext, MatchCase:=False)) = "Range" Then

irow = Sheets("Stoic Matrix").Columns(l).Find _

(What:=sMet, After:=Sheets("Stoic Matrix").Cells(l, 1), _
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LookIn:=xlValues, LookAt:=xlWhole, SearchOrder:=xlByRows, _  

SearchDirection:=xlNext, MatchCase:=False).Row

Sheets("Stoic Matrix").Cells(irow, j).Value = vSign * CSng(sNoMet) 

Else

irow = Sheets("Stoic Matrix").Columns(l).Find _

(What:="", After:=Sheets("Stoic Matrix").Cells(l, 1), _  

LookIn:=xlValues, LookAt:=xlWhole, SearchOrder:=xlByRows, _  

SearchDirection:=xlNext, MatchCase:=False).Row

Sheets("Stoic Matrix").Cells(irow,j).Value = vSign * CSng(sNoMet) 

Sheets("Stoic Matrix").Cells(irow, l).Value = sMet

End If

sMet = "" 

sNoMet = ""

End If

Loop While iEndLineLoc = 0 

i = i + 1

j = j  + l

End If 

Loop 

End Sub

THIS FUNCTION READS A TEXT FILE AND RETURNS IT IN A TEXT ARRAY

Function ReadTextFile(FileName) As Variant 

ReDim WordArray(1500)

TempChar = ""

CharNumber = 0 

WordNumber = 1

Reset
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iFileNum = FreeFile()

Open FileName For Input As iFileNum 

Do Until EO F(l)

TempChar = Asc(Input(l, iFileNum))

'look for column separators

If TempChar = 32 Or TempChar = 13 Or TempChar = 9 _

Or TempChar = 10 Or TempChar = 43 Then 

'go to next character unless at beginning 

If CharNumber <> 0 Then 

CharNumber = 0

WordNumber = WordNumber + 1 

'If array is full, make it bigger 

If WordNumber = UBound( Word Array) Then 

ReDim Preserve WordArray _

(UBound(WordArray) + 500)

End If 

End If 

Else

'characters to add to word

Word Array (WordNumber) = WordArray(WordNumber) +  

Chr(TempChar)

CharNumber = CharNumber + 1 

End If 

Loop

Close iFileNum

'Trim off elements not used

ReDim Preserve WordArray(WordNumber)

'Return the array of words 

ReadTextFile = WordArray

End Function

I

' Write_Reaction_List Macro
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' THIS MACRO WRITES A LIST OF METABOLITES TO A FILE REC_LIST.TXT 
AND _

' UPDATES THE SAME LIST IN THE LIST WORKSHEET USED FOR THE _

' LSTREACTIONS DISPLAY.
t

Sub Write_Reaction_List()

Dim sReaction As String, sRString As String, sMet As String 

Dim icol As Integer, irow As Integer, iLen As Integer

Application.ScreenUpdating = False

Reset

'Open file to output data 

iFileNum = FreeFile()

Open "C:\My Documents\MODEL\Rec_List.txt" For Output As iFileNum

'get the first reaction name in column 2 

sReaction = Sheets("Stoic Matrix").Cells(l, 2).Value

'set the start column 

icol = 2

Do Until sReaction = "" 

sRString = " = "

'find the row of the first metabolite

irow = Sheets("Stoic Matrix").Columns(icol).Find(What:="*", _  

After:=Sheets("Stoic Matrix").Cells(l, icol), LookIn:=xlValues, _  

LookAt:=xlPart, SearchOrder:=xlByRows, SearchDirection:=xlNext _

, MatchCase:=False).Row

’run loop until all metabolites in the reaction have been accounted for _

'and search returns to the top of the column.

Do Until IsNumeric(Sheets("Stoic Matrix").Cells(irow, icol). Value) = False
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'identify the metabolite

sMet = Sheets("Stoic Matrix").Cells(irow, l).Value

If Sheets("Stoic Matrix").Cells(irow, icol).Value < 0 Then

If Abs(Sheets("Stoic Matrix").Cells(irow, icol).Value) = 1 Then 

sRString = " + " & CStr(sMet) & sRString 

Else

sRString = " + " & CStr(Format(Abs(Sheets("Stoic Matrix").Cells(irow, 
icol).Value), "##0.0###")) _

& "" & CStr(sMet) & sRString

End If

Else

If Sheets("Stoic Matrix").Cells(irow, icol).Value = 1 Then 

sRString = sRString & CStr(sMet) &" +"

Else

sRString = sRString & CStr(Format(Sheets("Stoic Matrix").Cells(irow, 
icol).Value, "##0.0###")) _

& "" & CStr(sMet) & " + "

End If

End If

irow = Sheets("Stoic Matrix").Columns(icol).FindNext _  

(After:=Sheets("Stoic Matrix").Cells(irow, icol)).Row

Loop

'prune the +'es of each end of sRString 

iLen = Len(sRString)

If Mid(sRString, iLen - 1 , 1 )  = "+" Then 

sRString = Mid(sRString, 1, iLen - 2)

End If

If Mid(sRString, 2, 1) = "+" Then 

sRString = Mid(sRString, 3)

End If

sRString = CStr(sReaction) & " " & sRString & "
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Print #iFileNum, sRString

'return to the next raection 

icol = icol + 1

sReaction = Sheets("Stoic Matrix").Cells(l, icol).Value 

Loop

Close iFileNum

Application.ScreenUpdating = True 

End Sub

'THIS SUBROUTINE DISPLAYS THE MEASURED REACTIONS IN ROW 1 OF 

'THE INPUT SHEET
t

Sub Display_Measured_Reactions()

Dim vRecLoc As Variant

vRecLoc = MeasuredRecLoc 'calling function

For i = 0 To UBound( vRecLoc)

Sheets("Batch Input").Cells(2, i + 2).Value = _

Sheets("Stoic Matrix").Cells(l, vRecLoc(i) + l).Value 

Sheets("Measured flux").Cells(2, i + 2).Value = _

Sheets("Stoic Matrix").Cells(l, vRecLoc(i) + l).Value 

Sheets("Measured flux E").Cells(2, i + 2).Value = _

Sheets("Stoic Matrix").Cells(l, vRecLoc(i) + 1).Value

Next 

End Sub
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THIS function FINDS ALL THE OCCURRENCES OF $’S IN ROW 1 OF 
Sheets("Stoic Matrix")

'AND RETURNS THE COLUMN NUMBERS IN AN ARRAY

Function MeasuredRecLoc() As Variant

ReDim aRecLoc(5) As Integer

If TypeName(Sheets("Stoic Matrix").Rows(l).Find _

(What:="$", After:=Sheets("Stoic Matrix").Cells(l, 1), _  

LookIn:=xlValues, LookAt:=xlPart, SearchOrder:=xlByRows, 

SearchDirection:=xlNext, MatchCase:=True)) = "Range" Then

sFound = Sheets("Stoic Matrix").Rows(l).FindNext.Address 

icol = Sheets("Stoic Matrix").Range(sFound).Column - 1 

i = 0

aRecLoc(i) = icol

Do 'get next occurance

sFound = Sheets("Stoic Matrix").Rows(l).FindNext( _  

After:=Sheets("Stoic Matrix").Range(sFound)).Address 

If icol = Sheets("Stoic Matrix").Range(sFound).Column - 1 Then 

Exit Do 

Else

'build array of columns 

If i = UBound(aRecLoc) Then

ReDim Preserve aRecLoc(UBound(aRecLoc) +1 0 )

End If 

i = i + 1

aRecLoc(i) = Sheets("Stoic Matrix").Range(sFound).Column - 1 

End If 

Loop 

End If

ReDim Preserve aRecLoc(i)

MeasuredRecLoc = aRecLoc
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End Function

THIS FUNCTION FINDS THE SIZE OF THE STOICHIOMETRIC MATRIX 

Function Size_of_Stoic() As Variant 

Dim vSize(l To 2) As Integer

'number o f metabolite rows

vS ize(l) = Sheets("Stoic Matrix").Columns("A:A").Find _

(What:='"\ After:=Sheets("Stoic Matrix").Cells(l, 1), LookIn:=xlFormulas, 

LookAt:=xlWhole, SearchOrder:=xlByRows, SearchDirection:= _  

xlNext, MatchCase:=True).Row - 1

'number of reaction columns

vSize(2) = Sheets("Stoic Matrix").Rows("l:l”).F ind_

(What:="", After:=Sheets("Stoic Matrix").Cells(l, 1), LookIn:=xlFormulas, 

LookAt:=xlWhole, SearchOrder:=xlByRows, SearchDirection:=xlNext _

, MatchCase:=True).Column - 1

Size_of_Stoic = vSize 

End Function

Function No_Time_Pts() As Integer

irow = 3

Do Until Sheets("Measured flux").Cells(irow, l).Value = "" 

irow = irow + 1

Loop

No_Time_Pts = irow - 3 

End Function
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THIS SUBROUTINE PERFORMS A STOICHIOMETRIC ANALYSIS OF THE 
PROPOSED 'REACTION NETWORK

Sub RUN_MATLAB_STOIC_ANALYSIS()

Dim cN As Integer 

Dim SToPoke As Variant 

Dim MToPoke As Variant

’replace all empty cells in the matrix with "0" and set range to poke 

vSSize = Size_of_Stoic 'call function

With Sheets("Stoic Matrix")

.Range(.Cells(2, 2), .Cells(vSSize(l), vSSize(2))).Replace _

What:-"', Replacement:="0", LookAt:=xlWhole,_  

SearchOrder:=xlByRows, MatchCase:=True

'set stoichiometry range to send

Set SToPoke = .Range(.Cells(2, 2), .Cells(vSSize(l), vSSize(2)))

End With

'transfer the measured rates location vector 

MRate = MeasuredRecLoc 'call function 

With Sheets("Vector Transfer")

For i = 0 To UBound(MRate)

.C ells(l, i + 1).Value = MRate(i)

Next

Set MToPoke = .Range(.Cells(l, 1), ,Cells(l, UBound(MRate) +1) )

End With

MyDD = Shell("C :\MATLAB\BIN\MATLAB .EXE", 1) 

cN = DDEInitiate("MATLAB", "Engine")

DDEPoke cN, "STOIC", SToPoke 

DDEPoke cN, "MEAS", MToPoke

App Activate MylD
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SendKeys "clc{enter}home{enter}", Wait:=True 

SendKeys "cd\{enter}", Wait:=True

SendKeys "cd matlab{enter}cd mymfiles{enter}", Wait:=True 

SendKeys "Sanal98a{enter}", Wait:=True

'Retrive data

R = DDERequest(cN, "R") 

rR = DDERequest(cN, "rR") 

cR = DDERequest(cN, "cR")

Balanceable = DDERequest(cN, "BALANCEABLE") 

Calculable = DDERequest(cN, "CALCULABLE")

S = DDERequest(cN, "S")

V = DDERequest(cN, "V") 

rS = DDERequest(cN, "rS") 

rV = DDERequest(cN, "rV") 

cS = DDERequest(cN, "cS") 

cV = DDERequest(cN, "cV")

Cond = DDERequest(cN, "COND")

SENS = DDERequest(cN, "SENS") 

aSens = DDERequest(cN, "aSens")

DDEExecute cN, "quit"

DDETerminate cN

'place R,S,V and SENS in their respactive spread sheets 

With Sheets("R")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(rR(l), cR(l))).Value = R 

End With

With Sheets("S svd")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(rS(l), cS(l))).Value = S 

End With

With Sheets("V svd")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(rV(l), cV( 1))).Value = V
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End With

With Sheets("Sens")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(rV(l), cR(l))).Value = SENS 

.Range(.Cells(rV(1) + 2, 1), .Cells(rV(l) + 2, cR(l))).Value = aSens 

End With

'determine if system is balancable and calculable and condition number 

If Balanceable(l) = 0 Then

'none o f the rates are balanceable

sDisplayl = "None of of the reactions are balanceable: rank(R)=" & 
CStr(Balanceable(l))

Else

'some or all o f the rates may not be balanceable

sDisplayl = "All or some of the reactions are balanceable: rank(R)=" & 
CStr(Balanceable( 1))

End If

If Calculable(l) = 0 Then

sDisplay2 = "All of the reactions are calculable."

Else

sDisplay2 = "All or some of the reactions may not be calculable."

End If

sDisplay3 = "The condition number is " & CStr(Format(Cond(l), "Standard"))

iAnswear = M sgBox(sDisplayl & Chr(13) & Chr(13) & sDisplay2 & Chr(13) & 
Chr(13) & sDisplay3, _

vbOK, "BALANCEABUJTY & CALULABUJTY")

End Sub

'TfflS SUBROUTINE CALCULATES ALL THE FLUXES AND PERFORMS AN  
ERROR ANALYSIS

Sub RUN_MATLAB_FLUX_CALC()
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Dim cN As Integer 

Dim SToPoke As Variant 

Dim MToPoke As Variant 

Dim RMToPoke As Variant 

Dim SDToPoke As Variant 

Dim EXCToPoke As Variant

'replace all empty cells in the matrix with "0" and set range to poke 

vSSize = Size_of_Stoic 'call function

With Sheets("Stoic Matrix")

.Range(.Cells(2, 2), .Cells(vSSize(l), vSSize(2))).Replace _  

What:="", Replacement:="0", LookAt:=xlWhole, _  

SearchOrder:=xlByRows, MatchCase:=True

'set stoichiometry range to send

Set SToPoke = .Range(.Cells(2, 2), .Cells(vSSize(l), vSSize(2)))

End With

'transfer the measured rates location vector 

MRate = MeasuredRecLoc 'call function 

With Sheets(" Vector Transfer")

For i = 0 To UBound(MRate)

.C ells(l, i + 1).Value = MRate(i)

Next

Set MToPoke = .Range(.Cells(l, 1), ,C ells(l, UBound(MRate) + 1)) 

End With

'Set measured rates and which to be excluded from data set 

With Sheets("Measured flux")

Set RMToPoke = .Range(.Cells(3, 2), .Cells(7, UBound(MRate) + 2))

For i = 1 To 5 

For j = 1 To UBound(MRate) + 1

If .Cells(i + 2, j + 1).Interior.Colorlndex = 3 And _

.Cells(i + 2, j + l).Interior.Pattem = xlSolid Then
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Sheets(" Vector Transfer").Cells(i + 1, j) = 0 

Else

Sheets(" Vector Transfer").Cells(i + 1, j) = 1 

End If 

Next 

Next 

End With

With Sheets(" Vector Transfer")

Set EXCToPoke = .Range(.Cells(2, 1), .Cells(6, UBound(MRate) + 1)) 

End With

'Set measured rates standard deviations 

With Sheets("Measured flux E")

Set SDToPoke = .Range(.Cells(3, 2), .Cells(7, UBound(MRate) + 2)) 

End With

'Run MATLAB

MyLD = Shell("C :\M ATLABVBIN\M ATLAB .EXE", 1) 

cN = DDEInitiate("MATLAB", "Engine")

DDEPoke cN, "STOIC", SToPoke 

DDEPoke cN, "MEAS", MToPoke 

DDEPoke cN, "RM", RMToPoke 

DDEPoke cN, "SD", SDToPoke 

DDEPoke cN, "EXC", EXCToPoke

AppActivate MylD

SendKeys "clc{enter}home{enter}", Wait:=True 

SendKeys "cd\{enter}", Wait:=True

SendKeys "cd matlab{enter}cd mymfiles{enter}", Wait:=True 

SendKeys "fluxc98a{enter}", Wait:=True

'Retrive data

H = DDERequest(cN, "H")

D = DDERequest(cN, "DD2")
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RRM = DDERequest(cN, "RRM")

RC = DDERequest(cN, "RC")

Rmeas = DDERequest(cN, "MeasReac")

Rcalc = DDERequest(cN, "CalcReac") 

n = DDERequest(cN, "n") 

m = DDERequest(cN, "m")

DDEExecute cN, "quit"

DDETerminate cN

'calculate the chidistribution for D  

For i = 1 To n (l)

For j = 1 To m (l)

D(i, j) = Application.ChiDist(D(i, j), H(i, 2) -1 )

Next

Next

'place matrixes in their respactive spread sheets 

With Sheets("H")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(n(l), 2)).Value = H 

.Range(.Cells(l, 3), .Cells(n(l), m (l) + 2)).Value = D 

End With

With Sheets("Rm")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(m (l), n(l))).Value = RRM 

End With 

With Sheets("Rc")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(vSSize(2) -1  - m (l), n(l))).Value = RC 

End With

With Sheets("Rmeas")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(m (l), n(l))).Value = Rmeas 

End With
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With Sheetsf'Rcalc")

.Cells.ClearContents

.Range(.Cells(l, 1), .Cells(vSSize(2) -1  - m (l), n(l))).Value = Rcalc 

End With

iAnswear = MsgBox("Calculation Complete", _  

vbOK, "FLUC CALCULATION")

End Sub
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APPENDIX M: MATLAB SUBROUTINES

As they appear in rankdef.m, Sanal98a.m and fluxc98a.m

rankdef.m
function Y=rankdef(X)

This function removes the rank deficient rows in a matrix

m, n] =size (X) ;

XX=(rref(X'))'; 
irow=[]; 
columnentry=0;

for j=l:m 
i=n;
while i>0

if X X (j,i)>0 
if i>columnentry 

irow=[irow j]; 
columnentry=i;

end
break;

end
i=i-l;

end
end
Y =X(irow,:);
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Sanal98a.m
% This m file tests the system stoichiometry

% The STOIC and MEAS matrixes must be given before the run 
% STOIC=stoichiometry
% MEAS=columns positions of measured rates

Em=STOIC(:,MEAS);
Ec=STOIC;
Ec(:,MEAS)=[];
R=Em-Ec*pinv(Ec)*Em;

% e=no. of metabolites 
% n=total no. of reactions 
% m=no. of measured reactions 
% k=rank of R

k=rank(R);
[e,n]=size(STOIC); 
m=size(MEAS);

% output
[rR,cR]=size(R);
BALANCEABLE=k;
CALCULABLE=(e-k)- (n-m(2)) ;
[U,S,V]=svd(Ec);
[rS,cS]=size(S);
[rV,cV]=size(V);
COND=cond(Ec);
SENS=-pinv(Ec)*Em; 
aSens=sum(abs(SENS) ) ;
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fluxc98a.m
% This m file calculates the reaction fluxes

% The STOIC, MEAS, RM , EXC and SD matrixes must be given before the 
run

% STOIC=stoichiometry
% MEAS=columns positions of measured rates 
% RM=row vectors of measured fluxes
% SD=standard deviation of meassurements in row vectors 
% EXC=measured rates to exclude in calculation

RM=RM1 ; 
SD=SD1;

% Calculate the fluxes for each set of meassured fluxes 
% and asses the error of each set
[m, n] =size (RM) ;
for i=l:n

Em=STOIC(:,MEAS) ;
Ec=STOIC;
Ec ( : , MEAS) = [] ;
% Find the rates to exclude and include 
ZZ=find(EXC(i,:)==0);
NN=find(EXC(i,:));
% Change the stoichiometry accordingly 
Ec=[Em(:,ZZ) Ec];
Em=Em( : ,NN) ;

% Calculate redundancy matrix 
R=Em-Ec*pinv(Ec)*Em;
% Reduce the redundancy matrix to full rank 
if rank(R)<size(R)

Rr=rankdef(R);
else

Rr=R;
end
% get the standard deviation and measured rates 
Pm=diag(SD(NN,i).*2); 
rm=RM(NN,i);
e=Rr*rm;
PE=Rr*Pm*Rr1; 
he=e1*inv(PE)*e;
H=[H; he rank(PE)];
rrm=(eye(size(Pm))-Pm*Rr'*inv (PE)*Rr)*rm; 
PPm=Pm-Pm*Rr1*inv(PE)*Rr*Pm;
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rc=-pinv(Ec)* Em* rrm;
Pc=pinv(Ec)*Em*PPm*Em'* (pinv(Ec) ) ' ;

% Rearange the calculated fluxes back to original
[k,1]=size(ZZ);
rmes=zeros(m,1);
rmes(NN,:)=rrm;
rmes(ZZ,:)=rc(1:1,:);
Pmes=zeros(m,1);
Pmes(NN,:)=diag(PPm);
Pcalc=diag(Pc);
Pmes(ZZ,:)=Pcalc(1:1,:);
rrm=rmes;
PPm=Pmes; 
rc (1:1, : ) = [ ] ;
Pc(1:1,:)=[];

RRM=[RRM PPm.A0.5];
RC=[RC diag (Pc) . "'O . 5] ;
MeasReac=[MeasReac rrm];
CalcReac=[CalcReac rc];
% vector comparison
for j =1:m-l

d2=he-(e'*inv(PE)*Rr(:,j))A2/(Rr(:,j)'*inv(PE)*Rr(:,j)); 
D2=[D2 d2]; 

end
% rearange D2
dd=zeros(l,m); 
d d (:,NN)=D2;
dd(:,ZZ)=ones(size(ZZ))*Inf;
D2=dd;
DD2=[DD2; D2];
D2=[];

end

% H, DD2, RRM, RC, MeasReac and CalcReac are outputted to excel
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APPENDIX N: SCAMP PROGRAM CODE

As it appears in phbvc2 light.cmd and phbvc3 dark.cmd

phbvc2 light.cmd
TITLE A Model for PHBV production during light;
# This model uses reversible kinetics for the reductase enzyme;
# COA and NADP are regarded as constants, and model starts from PR 
(propionyl-CoA);
# Reductase under light conditions pH8;
DEC KV,HV,AA ,HB ;
SIMULATE;
STATE;
OPTIONS integrator = lsoda;
REACTIONS

# Reaction 4;
[KETOTHIO_5C] $PR + $AC - KV;

KETO*Vf4*Vr4*(PR*AC- 
C0A*KV/Keq4)/(Vr4*Kmb4*PR+Vr4*Kma4*AC*(l+AC/Ki4)+Vf4*Kmq4*COA/Keq4+Vf4 
*Kmp4*KV/Keq4 +

Vr4*PR*AC+Vf4*Kmq4*PR*COA/ (Keq4*Kia4) +Vf4*COA*KV/Keq4+Vr4*Kma4*A 
C*KV/Kiq4);
# Reaction 5;
[AARED_5C] $NADPH + KV - HV ;

RED*Vf 5*Vr5* (NADPH*KV-HV*NADP/Keq5) / (Vr5*Kai5*Kb5 + 
Vr5*Kb5*NADPH+Vr5*Ka5*KV+(Vf5*Kq5*HV/Keq5)+ (Vf5*Kp5*NADP/Keq5)+ 
Vr5*NADPH*KV+(Vf5*Kq5*NADPH*HV/(Keq5*Kai5))+(Vf5*HV*NADP/Keq5)+ 
(Vf 5*Ka5*KV*NADP/Kqi5) + (Vr5*NADPH*KV*HV/Kpi5 ) + (Vf 5*KV*HV*NADP/ (K 

bi5*Keq5)));
# Reaction 6;
[PHASYN_5C] HV - $PHBV;

SYNTH*Vm6*HV/(Km6*(1+(HB/Ki6))+HV);
# Reaction 7;
[KET0THI0_4C] 2$AC - AA;

KETO*Vf 7*Vr7* (AC*AC- 
COA*AA/Keq7) / (Vr7*Kmb7*AC+Vr7*Kma7*AC* (1+PR/Ki7) +Vf 7 *Kmq7*C0A/Keq7+Vf 7 
*Kmp7*AA/Keq7 +

Vr7 *AC*AC+Vf 7 *Kmq7 *AC*COA/ (Keq7 *Kia7) +Vf 7 *COA*AA/Keq7+Vr7*Kma7*A 
C*AA/Kiq7);
# Reaction 8;
[AARED_4C] $ NAD PH + AA - HB ;

RED*Vf8*Vr8*(NADPH*AA-HB*NADP/Keq8)/(Vr8*Kai8*Kb8+
Vr8 *Kb8 *NADPH+Vr8 *Ka8 *AA+(Vf8*Kq8*HB/Keq8) + (Vf8*Kp8*NADP/Keq8) + 
Vr8 *NADPH*AA+(Vf8*Kq8*NADPH*HB/(Keq8*Kai8)) + (Vf8*HB*NADP/Keq8) + 
(Vf8*Ka8*AA*NADP/Kqi8)+(Vr8*NADPH*AA*HB/Kpi8)+(Vf8*AA*HB*NADP/(K 

bi8*Keq8)));
# Reaction 9;
[PHASYN_4C] HB - $PHBV;

SYNTH *Vm9 * HB/ (Km9*(1+(HV/Ki9))+HB) ;
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EOR;
INITIALISE

# Concentrations of metabolites (mmol/L);
# Km value;
# Concentration from Ken (lit. guess);
# Km value;
# Km value;

KV = 0 ., 00
HV = 0 ..00
AA = 0 ..00
HB = 0 ..00

# Constant metabolite concentrations (mmol/L);
COA = 0.0005;
NADPH=0.110;
NADP=0.220;
PHBV = 0;
PR = 0.001; # known to be very low; 
AC = 0.011;
KETO=l; 
RED=1; 
SYNTH=1;
# Rate constants (mmol/min/g);
# Constants [KETOTHIO 5C];
Vf4 = 0.13; Vr4 = 1.0; Kma4 = 0.5; Kmb4 = 1.3; Kmp4 = 
0.015;
Keq4 = 2.0E-5; Kia4 = 1.0; Kiq4 = 0.005; Ki4 = 1.3;
# Constants [AARED 5C];
Vf5 = 0.3; Vr5 = 0.0153; Ka5 = 0.02; Kb5 = 0.005; Kp5 
Kq5 = 0.031; Kai5 = 0.05; Kbi5 = 0.037; Kpi5 = 0.005; 
Keq5 = 80;
# Constants [PHASYN 5C];
Vm6 = 0.0425; Km6 = 0.3 ; Ki6 = 0.25;
# Constants [KETOTHIO 4C];
Vf7 = 0.07; Vr7 = 0.5; Kma7 = 1.3; Kmb7 = 1.3; Kmp7 = 
0.037;
Keq7 = 2.0E-5; Kia7 = 2.0; Kiq7 = 0.01; Ki7 = 0.5;
# Constants [AARED 4C] ;
Vf8 = 0.9; Vr8 = 0.046; Ka8 = 0.02; Kb8 = 0.005; Kp8 = 
Kq8 = 0.031; Kai8 = 0.05; Kbi8 = 0.037; Kpi8 = 0.005; 
Keq8 = 80;
# Constants [PHASYN 4C] ;
Vm9 = 0.10; Km9 = 0.25; Ki9 = 0.3;
El;

FLUXSENSITIVITY
ENZ_KETOTH10_5 C=KETO/KETOTH10_5 C ; 
ENZ_AARED_5 C=RED/AARED_5 C ; 
ENZ_PHAS YN_5 C = SYNTH / PHAS YN_5C ;
ENZ_KETOTHI0_4C=KETO/KETOTHI0_4C; 
ENZ_AARED_4C=RED/AARED_4 C ;

0.05; Kmq4 =

=0.017;
Kqi5 = 0.06;

0.05; Kmq7 =

0.017;
Kqi8 = 0.06;
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ENZ_PHASYN_4 C=SYNTH/PHASYN_4 C ;
NAD PH_KETOTH10_5 C =NADPH/KETOTH10_5 C ; 
NAD PH_KETOTH10_4 C =NADPH/KETOTH10_4C;
C OA_KETOTH10_5C=COA/KETOTHI0_5C ; 
COA_KETOTHIO_4C=COA/KETOTHIO_4C;
PR_KETOTH10_5 C=PR/KETOTH10_5 C ; 
PR_KETOTH10_4 C=PR/KETOTH10_4 C ;
AC_KETOTHIO_5C=AC/KETOTHIO_5C; 
AC_KETOTH10_4C =AC/KETOTHIO_4C;
NAD P_KETOTH10_5C=NADP/KETOTH10_5 C ; 
NAD P_KETOTH10_4C =NAD P/KETOTH10_4C;
ES;

SUBSENSITIVITY
KV_KETOTHIO = KETO/KV; 
KV_AARED = RED/KV; 
KV_PHASYN = SYNTH/KV;
AA_KETOTHI0 = KETO/AA; 
AA_AARED = RED/AA; 
AA_PHASYN= SYNTH/AA;
HV_KETOTHI0 = KETO/HV; 
HV_AARED = RED/HV; 
HV_PHASYN= SYNTH/HV;
HB_KETOTHIO = KETO/HB; 
HB_AARED = RED/HB; 
HB_PHASYN= SYNTH/HB;
ES;
TOLERANCE_SS=lE-12; 
MSTEP_SIZE=0.01;

PRINT_STA PR, AC, KETO, RED, SYNTH,
KV_KETOTHI0, KV_AARED, KV_PHASYN, AA_KETOTHIO,
AA_AARED, AA_PHASYN, HV_KETOTHIO, HV_AARED, HV_PHASYN, 
HB_KETOTHIO, HB_AARED, HB_PHASYN, KV , HV , AA , HB (relightl/2) ;

PRINT_STA PR, AC, KETO, RED, SYNTH, COA, NADPH, NADP, 
ENZ_KETOTHIO_5C, ENZ_AARED_5C, ENZ_PHASYN_5C,
ENZ_KETOTHIO_4C, ENZ_AARED_4C, ENZ_PHASYN_4C,
NAD PH_KETOTH10_5 C , NADPH_KETOTH10_4C,
COA_KETOTHIO_5C, COA_KETOTHIO_4C,
PR_KETOTHIO_5C, PR_KETOTHIO_4C,
AC_KETOTHIO_5C, AC_KETOTHIO_4C,
NADP_KETOTHIO_5C, NADP_KETOTHIO_4C,
[PHASYN_5C], [PHASYN_4C] (relight2/2);

REPEAT SEQ
KETO = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
RED = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
SYNTH = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
PR =
0.0001,0.0002,0.0004,0.0006,0.0008,0.001,0.0015,0.002,0.0025,0.003; 
AC = 0.0055,0.007,0.0085,0.010,0.011,0.012,0.013,0.014,0.015,0.0165;
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COA =
0.00005,0.0001,0.0002,0.0003,0.0004,0.0005,0.0007,0.001,0.0015,0.002; 
NADPH=0.055, 0.07,0.085,0.10,0.11,0.12,0.13,0.14,0.15,0.165;
NADP=0.11,0.14, 0.17,0.2,0.22,0.24,0.26,0.28,0.3,0.33;
REND
END
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phbvc 3 dark.cmd
TITLE A Model for PHBV production C3;
# This model uses reversible kinetics for the reductase enzyme;
# COA and NADP are regarded as constants, and model starts from PR;
# Reductase under dark conditions pH7.2;
DEC KV,HV,AA,HB;
SIMULATE;
STATE;
OPTIONS integrator = lsoda;
REACTIONS

# Reaction 4;
[KETOTHI0_5C] $ P R  + $AC - KV;

KETO*Vf4*Vr4*(PR*AC- 
C0A*KV/Keq4)/(Vr4*Kmb4*PR+Vr4*Kma4*AC*(l+AC/Ki4)+Vf4*Kmq4*C0A/Keq4+Vf4 
*Kmp4*KV/Keq4 +

Vr4*PR*AC+Vf4*Kmq4*PR*COA/ (Keq4*Kia4) +Vf4*COA*KV/Keq4+Vr4*Kma4*A 
C*KV/Kiq4) ;
# Reaction 5;
[AARED_5C] $NADPH + KV - HV ;

RED*Vf5*Vr5*(NADPH*KV-HV*NADP/Keq5)/ (Vr5*Kai5*Kb5+
Vr5 *Kb5 *NADPH+Vr5 *Ka5 *KV+(Vf5*Kq5*HV/Keq5) + (Vf5*Kp5*NADP/Keq5) + 
Vr5*NADPH*KV+(Vf5*Kq5*NADPH*HV/(Keq5*Kai5))+(Vf5*HV*NADP/Keq5)+ 
(Vf 5*Ka5*KV*NADP/Kqi5) + (Vr5*NADPH*KV*HV/Kpi5 ) + (Vf 5*KV*HV*NADP/ (K 

bi5*Keq5)));
# Reaction 6;
[PHASYN_5C] HV - $PHBV;

SYNTH *Vm6 * HV/ (Km6*(1+(HB/Ki6))+HV) ;
# Reaction 7;
[KETOTHI0_4C] 2$AC - AA;

KETO*Vf7 *Vr7 * (AC*AC- 
C0A*AA/Keq7) / (Vr7*Kmb7*AC+Vr7*Kma7*AC* (1+PR/Ki7) +Vf 7*Kmq7*COA/Keq7+Vf 7 
*Kmp7*AA/Keq7 +

Vr7*AC*AC+Vf 7*Kmq7*AC*COA/ (Keq7*Kia7) +Vf7*COA*AA/Keq7+Vr7*Kma7*A 
C*AA/Kiq7) ;
# Reaction 8;
[AARED_4C] $NADPH + AA - HB ;

RED*Vf8*Vr8* (NADPH*AA-HB*NADP/Keq8) / (Vr8*Kai8*Kb8+
Vr8 *Kb8 *NADPH+Vr8 *Ka8 * AA+ (Vf8*Kq8*HB/Keq8) + (Vf8*Kp8*NADP/Keq8) + 
Vr8 *NADPH*AA+(Vf8*Kq8*NADPH*HB/(Keq8*Kai8)) + (Vf8*HB*NADP/Keq8) + 
(Vf8*Ka8*AA*NADP/Kqi8) + (Vr8*NADPH*AA*HB/Kpi8) + (Vf8*AA*HB*NADP/ (K 

bi8*Keq8)));
# Reaction 9;
[PHASYN_4C] HB - $PHBV;

SYNTH*Vm9*HB/(Km9*(1+(HV/Ki9))+HB) ;

EOR;
INITIALISE

# Concentrations of metabolites (mmol/L);
KV = 0.00; # Km value;
HV = 0.00; # Concentration from Ken (lit. guess);
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AA = 0.00; # Km value; 
HB = 0.00; # Km value;

# Constant metabolite concentrations (mmol/L);
COA = 0.0005;
NADPH=0.045;
NADP=0.190;
PHBV = 0;
PR = 0.001; # known to be very low;
AC = 0.017;
KETO=l;
RED=1;
SYNTH=1;
# Rate constants (mmol/min/g);
# Constants [KETOTHIO 5C];
Vf4 = 0.13; Vr4 = 1.0; Kma4 = 0.5; Kmb4 = 1.3; Kmp4 = 0.05; Kmq4 = 
0.015;
Keq4 = 2.0E-5; Kia4 = 1.0; Kiq4 = 0.005; Ki4 = 1.3;
# Constants [AARED 5C];
Vf5 = 0.5; Vr5 = 0.0069; Ka5 = 0.02; Kb5 = 0.005; Kp5 =0.017;
Kq5 = 0.031; Kai5 = 0.05; Kbi5 = 0.05; Kpi5 = 0.0031; Kqi5 = 0.1;
Keq5 = 490;
# Constants [PHASYN 5C];
Vm6 = 0.0425; Km6 = 0.3 ; Ki6 = 0.25;
# Constants [KETOTHIO 4C];
Vf7 = 0.07; Vr7 = 0.5; Kma7 = 1.3; Kmb7 = 1.3; Kmp7 = 0.05; Kmq7 = 
0.037;
Keq7 = 2.0E-5; Kia7 = 2.0; Kiq7 = 0.01; Ki7 = 0.5;
# Constants [AARED 4C];
Vf8 = 1.5; Vr8 = 0.021; Ka8 = 0.02; Kb8 = 0.005; Kp8 =0.017;
Kq8 = 0.031; Kai8 = 0.05; Kbi8 = 0.05; Kpi8 = 0.0031; Kqi8 = 0.1;
Keq8 = 490;
# Constants [PHASYN 4C];
Vm9 = 0.10; Km9 =0.25; Ki9 = 0.3;
El;

F L U X S E N S IT IV IT Y

ENZ_KETOTHIO_5C=KETO/KETOTHI0_5C; 
ENZ_AARED_5C=RED/AARED_5C; 
ENZ_PHASYN_5C=SYNTH/PHASYN_5C;
ENZ_KETOTH10_4 C=KETO/KETOTH10_4C; 
ENZ_AARED_4C=RED/AARED_4C; 
ENZ_PHASYN_4C=SYNTH/PHASYN_4C;
NADPH_KETOTHIO_5C=NADPH/KETOTHIO_5C; 
NAD PH_KETOTH10_4C=NADPH/KETOTH10_4C;
COA_KETOTHIO_5C=COA/KETOTHIO_5C; 
COA_KETOTHIO_4C=COA/KETOTHI0_4C;
PR_KETOTHIO_5C=PR/KETOTHIO_5C; 
PR_KETOTH10_4C = PR/KETOTH10_4 C ;

E.B. Daae, 1999 PhD Thesis Page 265



AC_KETOTH 10_5 C = AC / KETOTH 10_5 C ; 
AC_KETOTH 10_4 C=AC / KETOTH 10_4 C ;
NADP_KETOTHIO_5C=NADP/KETOTHIO_5C; 
NAD P_KETOTH 10_4 C=NAD P/KETOTHI 0_4 C ;
ES;

SUBSENSITIVITY
KV_KETOTHIO = KETO/KV; 
KV_AARED = RED/KV; 
KV_PHASYN = SYNTH/KV;
AA_KETOTHIO = KETO/AA; 
AA_AARED = RED/AA; 
AA_PHASYN= SYNTH/AA;
HV_KETOTHIO = KETO/HV; 
HV_AARED = RED/HV; 
HV_PHASYN= SYNTH/HV;
HB_KETOTHIO = KETO/HB; 
HB_AARED = RED/HB; 
HB_PHASYN= SYNTH/HB;
ES;
T0LERANCE_SS=1E-12; 
MSTEP_SIZE=0.01;

PRINT_STA PR, AC, KETO, RED, SYNTH,
KV_KETOTHIO, KV_AARED, KV_PHASYN, AA_KETOTHIO,
AA_AARED, AA_PHASYN, HV_KETOTHIO, HV_AARED, HV_PHASYN, 
HB_KETOTHIO, HB_AARED, HB_PHASYN, KV , HV , AA , HB (resdarkl/2 ) ;

PRINT_STA PR, AC, KETO, RED, SYNTH, COA, NADPH, NADP, 
ENZ_KETOTHIO_5C , ENZ_AARED_5C, ENZ_PHASYN_5C ,
ENZ_KETOTHIO_4C, ENZ_AARED_4C, ENZ_PHASYN_4C,
NAD PH_KETOTH 10_5 C , NADPH_KETOTHIO_4C,
COA_KETOTHIO_5C, COA_KETOTHIO_4C,
PR_KETOTHIO_5C, PR_KETOTHIO_4C,
AC_KETOTHIO_5C, AC_KETOTHIO_4C,
NADP_KETOTHIO_5C, NADP_KETOTHIO_4C,
[PHASYN_5C], [PHASYN_4C] (resdark2/2);

REPEAT SEQ
KETO = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
RED = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
SYNTH = 0.1,0.2,0.4,0.6,0.8,1.0,2.0,4.0,6.0,10.0;
PR =
0.0001,0.0002,0.0004,0.0006,0.0008,0.001,0.0015,0.002,0.0025,0.003;
AC = 0.0085,0.01,0.012,0.014,0.016,0.017,0.019,0.021,0.023,0.0255;
COA =
0.00005,0.0001,0.0002,0.0003,0.0004,0.0005,0.0007,0.001,0.0015,0.002; 
NADPH=0.023,0.03,0.035,0.04,0.045,0.05,0.055,0.06,0.065,0.068 ; 
NADP=0.095,0.12,0.15,0.17,0.19,0.21,0.23,0.24,0.26,0.285;
REND
END
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