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RESUMO 

 

Recentes desenvolvimentos na área da biologia molecular, nomeadamente 

tecnologia do DNA recombinado, e a emergência novas técnicas analíticas de fisiologia 

celular a nível molecular permitem uma abordagem racional ao melhoramento de estirpes. 

Nesta nova abordagem, referida como engenharia metabólica, modificações intencionais e 

direccionadas são efectuadas na célula para atingir determinados objectivos, tais como 

aumento de rendimento e produtividade de metabolitos de interesse. A capacidade 

metabólica de vários microorganismos para produzir determinados compostos pode agora 

ser devidamente explorada, quer na indústria farmacêutica, quer na indústria química. 

Determinadas características fisiológicas, bem como outros factores tecnológicos, 

condicionam o uso de microorganismos seleccionados, ou ‘cell-factories’, para a produção 

de uma determinada substância. Assim, é frequentemente necessária a expressão 

heteróloga da via metabólica que leva à produção da biomolécula de interesse. 

O objectivo deste projecto é a optimização de produção heteróloga de um péptido 

de interesse terapêutico em S. cerevisiae. Este estudo começou por uma abordagem 

laboratorial com a adição dos precursores necessários ao meio de cultura, tendo como 

objectivo determinar se algum dos percursores seria limitante à obtenção do referido 

péptido. Seguidamente, foi adoptada uma abordagem racional de engenharia metabólica 

para estabelecer estratégias que levassem à optimização de produtividade. Um modelo 

estequiométrico à escala genómica acoplado a um algoritmo de optimização – OptGene – foi 

aplicado para fazer optimização in silico da produção do péptido em S. cerevisiae e várias 

estratégias de “knockout” de genes foram encontradas com sucesso. Uma inovadora 

abordagem esquemática para visualização intuitiva e análise de grande número de 

estratégias geradas in silico é aqui apresentada. A relevância fisiológica das estratégias 

chave encontradas é cuidadosamente analisada. De uma forma geral, pode concluir-se que 

será possível aumentar a produtividade do péptido de interesse recorrendo a uma 

estratégia de “knockout” de três genes sem afectar significativamente a capacidade de 

crescimento da estirpe. Além disso, os resultados encontrados mostram alterações 

significantes no metabolismo das moléculas precursoras, indicando que maior exploração 

destes resultados poderia ser vantajosa. 

 

Palavras-chave: Engenharia metabólica, “cell factory”, Saccharomyces cerevisiae, modelos 

estequiométricos à escala genómica, OptGene. 
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ABSTRACT 

 

Recent advances in the molecular biology tools for selective DNA manipulation and 

emergence of powerful techniques to study cellular physiology at molecular level is 

allowing the use of a rational approach for microbial strain improvement. This new 

approach is referred to as metabolic engineering which aims at directed genetic 

modifications in the cell in order to achieve a desirable phenotype, such as increased yield 

and productivity of valuable metabolites. The metabolic capabilities of different 

microorganisms for producing valuable compounds can therefore now be more widely 

exploited in the pharmaceutical and chemical industry. Preferences for physiological 

characteristics and other technological factors necessitate the use of certain selected 

microorganisms, or ‘cell-factories’, for the production of desired compounds. It is therefore 

often necessary to retrofit microbial genome by heterologous expression of a pathway in 

order to achieve production of desired compounds. 

The aim of this project was optimization of a heterologous production of a peptide 

of pharmaceutical interest in the widely used cell-factory S. cerevisiae. First part of the 

study focuses on a laboratorial approach whereby the metabolic bottleneck in the 

production of the peptide was investigated by using supplementation of the precursor 

metabolites. In the later part, a rational in silico design approach was used to identify 

metabolic engineering strategies that may lead to productivity improvement. A genome-

scale stoichiometric model of S. cerevisiae was used together with an optimization 

algorithm – OptGene and thereby various gene knockout strategies were found. A novel 

systematic approach for intuitive visualization and analysis of large number of in silico 

generated strategies is presented. Physiological relevance of the identified key strategies is 

also discussed in detail. Overall, it is concluded it will be possible to increase the 

productivity of the peptide by using a three gene deletion strategy without significant 

impact on the growth properties of the strain. Furthermore, the predicted phenotype 

contains significant alterations on the precursor metabolism, suggesting that further work 

in this subject would be profitable. 

 

 

Keywords: Metabolic engineering, cell factory, Saccharomyces cerevisiae, stoichiometric 

genome-scale models. 
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SSyysstteemmss  BBiioollooggyy……  

 

“… I would simply say that systems biology is the study of the behavior of complex 

biological organization and processes in terms of the molecular constituents. It is built on 

molecular biology in its special concern for information transfer, on physiology for its 

special concern with adaptive states of the cell and organism, on developmental biology for 

the importance of defining a succession of physiological states in that process, and on 

evolutionary biology and ecology for the appreciation that all aspects of the organism are 

products of selection, a selection we rarely understand on a molecular level. Systems 

biology attempts all of this through quantitative measurement, modelling, reconstruction, 

and theory. Systems biology is not a branch of physics but differs from physics in that the 

primary task is to understand how biology generates variation. No such imperative to create 

variation exists in the physical world. It is a new principle that Darwin understood and upon 

which all of life hinges. That sounds different enough for me to justify a new field and a 

new name.” 

 

Marc W. Kirschner 

Cell, Vol. 121, May 2005 
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1. INTRODUCTION AND BACKGROUND 

1.1. MOTIVATION 

 

This ambitious project consists in applying metabolic engineering tools and 

expressing a peptide biosynthetic pathway in Saccharomyces cerevisiae, with subsequent 

peptide production. Natural producer strains may be target of metabolic engineering, but 

one may take advantage by expressing the desired pathway genes in a “classical” host cell, 

as S. cerevisiae. The reasons that led to choose yeast as a host cell to produce this peptide 

will be explained along this work, but the potential of this fact will be set down here; the 

expression of this peptide biosynthetic pathway in a well known host cell as S. cerevisiae 

will facilitate the development of completely new molecules with potential new 

pharmaceutical applications. Furthermore, a genome-scale reconstruction of S. cerevisae 

metabolic network is available since 2003. Once the metabolic network is reconstructed, 

mathematical methods can be applied to analyze structural properties of the cell. 

Moreover, simulation of cellular behaviour under different genetic and physiological 

conditions can be carried on [18]. Indeed, genome-scale metabolic models have been 

compiled for several different microorganisms, namely S. cerevisiae, where structural and 

stoichiometric complexity is inherently accounted for. New algorithms are being developed 

by using genome-scale metabolic models that enable identification of gene knockout 

strategies for obtaining improved phenotypes [36]. 

As one may see, this is a multidisciplinary work, where metabolic engineering will 

be applied to make possible the production of a desired peptide, and later completely new 

products, in S. cerevisiae. 

 

1.2. METABOLIC ENGINEERING 

 

The adapting capacities of different species are determinant on their chances to 

survive, for example the skills of a microorganism to resist to different toxic compounds, or 

use different carbon or nitrogen sources. These adapting skills may involve altering 

metabolic pathways to improve cells properties, giving them selective advantages in their 

new environment. Similarly to what is happening naturally, intentional modification of 

metabolic pathways and other cell properties by humans in order to improve targeted 

characteristics in microorganisms is an established concept [25]. 

Traditional methods such as genetic modifications via random mutagenesis or 

classical breeding and genetic crossing of two strains followed by screening for phenotypes 

have yielded to improved stains of various species. This approach to strain improvement 

relies basically on mutagen and creative selection techniques to identify superior strains for 
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achieving a certain objective [25, 34]. Improvement of baker’s and brewer’s yeast, S. 

cerevisiae, are good examples, as well as the improvement of Corynebacterium glutamicum 

to produce amino acids or Penicillium chrysogenum to produce penicillin. These traditional 

techniques were applied extensively in the past not only in amino acids and antibiotics 

production, but also in many other areas such as solvent or vitamin production [25]. 

1.2.1. The cycle of metabolic engineering 

During the past few decades, the development of sophisticated methods in the field 

of recombinant DNA technology has enabled the manipulation of a given pathway, offering, 

for the first time, the opportunity for a direct approach to do metabolic engineering. Due 

to these advances, it is possible to introduce genetic modifications in terms of modifying 

the strength of the promoter of a given gene, to perform gene deletions or even to 

introduce genes or whole pathways into the cell. In the beginning of 21st century, metabolic 

engineering can be defined as direct improvements of cellular properties achieved from the 

interplay of theoretical analysis, relying on biochemical information, and application of 

genetic engineering [25, 31, 34]. The rapidly developments in new analytical techniques 

and in cloning technology allowed the evolution of metabolic engineering from simple 

application of molecular biology to a powerful tool allowing a more rational approach to 

identify new promising targets for metabolic manipulation. In this sense, metabolic 

engineering applies for all the reactions in the metabolic network, rather than in isolation. 

If the fist step is the genetic modification (synthesis step), then the new strain will be 

analysed and physiologically characterized through fluxomic, metabolomic, proteomic and 

genomic analysis - analysis step (Figure 1-1). Often this analysis provides information that 

will suggest additional genetic changes for further improvement of the cellular performance 

– design step – and the metabolic engineering cycle will continue [25, 31]. 

 

 

Figure 1-1: The cycle of metabolic engineering (Nielsen, 2001) [31]. 
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As shown in Figure 1-1, metabolic engineering involves continuous improvement of 

the cellular properties through several rounds of genetic engineering and, depending on the 

process and aim, one may start at different places in this cycle. So, for production of a 

heterologous protein or for extension of the substrate range for the applied microorganism 

one would normally start with the synthesis step. In the case of improvement of yield or 

productivity of an existent metabolite, it is necessary to analyse the pathway directly 

involved in forming the target product and also analyse the interaction of this pathway with 

the overall cell function, which means that the process will start with the analysis step. The 

analysis step represents an important role especially when the aim is the improvement of 

an industrial strain, because sooner or later it will be desirable to optimize the yield or 

productivity, even if the first step is the construction of a new strain [31]. 

1.2.2. Tools of metabolic engineering 

In the field of genetic engineering, the sequencing of whole genomes of several 

organisms and developments in bioinformatics has speeded up the process of gene cloning 

and transformation. The starting point to do genetic engineering is the availability of 

suitable strains and vectors that enable rapid and efficient transformations. For a few 

organisms, e.g. S. cerevisiae and E. coli, there are efficient transformation vectors 

available that can be used for rapid chromosomal integration of DNA or expression of genes 

from high copy number plasmids. Moreover, for these microorganisms there are many 

auxotrophic stains available, which facilitates the genetic engineering process. Especially 

for S. cerevisiae, the degree of homologous recombination is very high, which enables a 

very efficient direct integration of the DNA into the chromosome [31]. In fact S. cerevisiae 

is a microorganism highly attractive to do metabolic engineering, in part due to the fact 

that the synthesis step is relatively straightforward when the genes to be expressed are 

available and it is often the analysis part that limits the process [34]. For other 

microorganisms the necessary tools may be available, but the efficiency of transformation 

can be low, which makes the genetic engineering step much more troublesome. Other 

important tools as access to promoters of varying strength and very sophisticated 

techniques to gene disruption or silencing contribute to the development in the field of 

genetic modifications. With the development of techniques for gene cloning it has become 

possible to recruit genes from many different organisms, that in the future may contribute 

to build new genes encoding proteins with altered properties, or enzymes with improved 

characteristics (gene shuffling) [31]. 

Concerning the analysis step of metabolic engineering, as mentioned before, there 

is more and more interest in looking at all the metabolic network instead of one isolated 

reaction or pathway. Due to the complexity of the cellular metabolism, the metabolite 

levels may interact with gene expression and, conversely, gene expression might determine 

the metabolite levels via enzyme concentration. Very powerful techniques have been 
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developed to perform the analysis step at the metabolome level, but also at the 

transcriptome and proteome level [34]. These techniques include: 

� DNA array technology for transcriptome analysis (simultaneous quantification of all gene 

transcripts in a cell); 

� two-dimensional gel electrophoresis for proteome analysis (simultaneous quantifications 

of large number of proteins in a cell); 

� gas chromatography – mass spectrometry (GC-MS) and liquid chromatography – mass 

spectrometry (LC-MS) to perform metabolome analysis (analysis of intracellular 

metabolite levels); 

� 13C-lablelling experiments for metabolic pathway analysis; 

� advanced fermentation experiments with on-line monitoring of important cultivation 

variables; 

� bioinformatics (including mathematical models for analysis of pathway structures and 

control of pathway fluxes). 

 

Figure 1-2: Analysis tools for metabolic engineering. 

 

A key aspect in the field of metabolic engineering is analysis at the cellular level in 

order to understand the cellular function in detail, which involves several different 

techniques – metabolome and fluxome analysis. This global cellular approach applies for a 

global cellular analysis, often called metabolic pathway analysis. Metabolic pathway 

analysis can be divided into three parts: identification of the metabolic network structure, 

quantification of the fluxes through the branches of the metabolic network and 

identification of control structures within the network. Often, metabolic pathway analysis 

is used to describe the application of metabolic flux analysis – MFA - and metabolic control 

analysis - MCA [31, 34]. Due to the relevance of this subject within this project, it will be 

further developed in chapter 1.4 – Stoichiometric Modelling of Metabolic Networks. 

Metabolomics 

Fluxomics 

Transcriptomics Proteomics 
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1.2.3. Application of metabolic engineering 

Along this chapter, some of the basic principles of metabolic engineering have been 

discussed. However, it is important to raise here some examples of how to apply metabolic 

engineering in real situations with real aims. How to organise the examples of application 

of metabolic engineering have been discussed in some literature in the recent years. In 

2001, Nielsen put forward for consideration the distribution of the metabolic engineering 

examples into seven categories depending on the approach taken or the aim. All the seven 

categories are presented on Table 1-1, as well as some examples fitting each category [31]. 

 

Table 1-1: The seven categories of metabolic engineering. Adapted from Nielsen, 2001 [31]. 

Category Examples 

Heterologous protein production 
• Production of pharmaceutical proteins like hormones, 

antibodies, vaccines etc; 
• Production of novel enzymes. 

Extension of substrate range 

• S. cerevisiae was transformed to produce β-glucanase 
with the aim of use  β-glucans as substrates; 

• X. campestris and C. glutamicum substrate range was 
extended to lactose; 

• Z. mobilis and S. cerevisiae substrate range was 
extended to xylose. 

Pathways leading to new products 

• Novel polyketides producing by gene shuffling of 
poliketide synthases; 

• Production of novel polyhydroxyalkanoates in E. coli; 
• Production of cephalosporins, 7-ACA and 7-ADCA by P. 

chrygogenum; 
• Production of Xylitol by S. cerevisiae. 

Pathways for degradation of 
xenobiotics 

Applications in the bioremediation field: 
• Building of new stains of P. putida able to degrade 

different xenobiotics as benzene, toluene and xylene. 

Engineering of cellular physiology for 
process improvement 

• Expression of haemoglobin from Vitreoscilla in E. coli 
for improving the protein synthesis at low oxygen 
concentrations. 

Elimination or reduction of by-
product formation 

• Different strategies are investigated to increase the 
ethanol production in S. cerevisiae by decreasing 
glycerol production. 

Improvement of yield or productivity 
• Improvement of ethanol, solvents, amino acids and β-

lactam antibiotics productions in different 
microorganisms. 

 

 Every category is properly developed by Nielsen, 2001, so only the categories of 

interest will be discussed here. In this project, the first stage of the metabolic engineering 

cycle is a synthesis step, since S. cerevisiae is not a natural peptide of interest producer. 

This synthesis step aim the construction of a strain of S. cerevisae with an entire new 

pathway. There are three different reasons to express a new pathway in a certain organism 

[31]: 
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� Production of completely new compounds, which assumes particular interest in the field 

of pharmaceuticals, namely in antibiotic and anticancer drugs production. 

� Exploitation of a common host for production of many different products. Here it is 

possible to capitalise investment in optimising the fermentation process with the 

general host. 

� Introduction of new pathways in a given microorganism in order to develop biotech-

based processes to replace classical chemical processes. This solution is attractive, 

once that biotech processes are more environmentally friendly, once they use 

sustainable raw materials and are often referred as “green chemistry”. In addition, 

biochemical reactions have high selectivity to produce optically pure compounds. 

The selection of S. cerevisiae as a host cell to carry on with heterologous peptide 

production was not at random. This yeast is the most thoroughly investigated eukaryotic 

microorganism, which aids the understanding of the biology of the eukaryotic cell and is 

used in different processes within the pharmaceutical industry. S. cerevisiae is a very 

attractive organism to work with, since it is nonpathogenic, and due to its long history of 

application in the production of consumable products such as ethanol and baker’s yeast, it 

has been classified as a GRAS organism (generally regarded as safe). Also, the well-

established fermentation and process technology for large-scale production with S. 

cerevisiae make this organism attractive for several biotechnological purposes. Another 

important reason for the applicability of S. cerevisiae within the field of biotechnology is 

its susceptibility to genetic modifications by recombinant DNA technology, which has been 

even further facilitated by the availability of the complete genome sequence, published in 

1996 [34]. As mentioned above, the synthesis step in S. cerevisiae is relatively 

straightforward, an advantage that will make possible to try to produce not only the 

peptide of interest, but also totally new molecules with new pharmaceutical properties. 

Furthermore, based on all the knowledge and work done until the present, the expression 

of the peptide biosynthesis pathway in yeast will provide a new opportunity to study the 

pathway itself. 

 After completing the synthesis step, it will be important to optimize the yield and 

productivity of the new strain [31]. Yield impacts primarily the cost of raw materials and is 

affected by redirection of metabolic fluxes toward the formation of the desired product. On 

the other hand, productivity is the key determinant of the capital cost of bioprocessing 

equipment and can be improved by amplification of metabolic fluxes. Despite the fact of 

these two variables require different strategies for their enhancement, the overall process 

optimization must include both yield and productivity concerns. For most processes it is not 

possible to operate at yield and productivity optimum, and it is therefore indispensable to 

evaluate witch of the two variables is prior. This evaluation is not simple at all, since the 

conversion of the substrate to the desired product is not linear. Instead, it is embedded in a 

large metabolic network with several branch points that may lead to the desired product or 

to by-products. The flux distribution around the branch points depends on the flexibility or 
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rigidity of the overall network. The flexibility of a branch point is determined by the 

affinity of the enzymes competing for the same metabolite and the metabolite 

concentration. Thus, one may realize that it is difficult to design the appropriate strategy 

for increasing yield or productivity without knowledge of the kinetics of the enzymes and 

metabolite concentrations. The complexity increases with the complexity of a real 

metabolic network, since the different branches are connected through sharing of cofactors 

like NADH, NADPH and ATP, which may have a significant control on the overall flux. 

Although improvement of yield and productivity is not an easy task, there are many 

examples of application of metabolic engineering in this field, mainly due to its important 

role for improvement of industrial strains. Strategies for improvement of strains for 

ethanol, amino acids, solvent and β-lactam antibiotics production have been reported since 

the 90’s, XX century [31, 41]. 

 

1.3. STOICHIOMETRIC MODELLING OF METABOLIC NETWORKS 

 

In the previous topic, basic ideas about metabolic engineering were presented, as 

well as important tools to accomplish the different stages of the metabolic engineering 

cycle. This topic aims to make clear how metabolic pathway analysis may be applied to 

accomplish a certain goal based on stoichiometric modelling of metabolic networks. 

 In metabolic engineering, the “metabolic design problem” can be approached 

through the construction of a mathematical or in silico model of the metabolic network of 

the microorganism of interest. This model can be used to simulate the cellular metabolic 

behaviour under different conditions and even to design an improved metabolic network by 

suggesting changes in the genotype of the micoorganism [17, 35]. In the last years, the 

availability of complete genome sequences of several micoorganisms has allowed the 

development of metabolic models on a genomic scale. Moreover, the change of the 

traditional local approach on biological systems to the new global perspective resulted in a 

very large number of experimental databases, the so called omics databases. Thus, there is 

a big question: how to extract the important information of these databases and make it 

useful? So, one of the great challenges in the post-genomic era is to adapt the traditional 

approaches and incorporate biological data on the whole-genome scale. Assuredly, the 

construction of models on a genomic scale is a very promising step in this field, because 

these models allow a direct correlation between the genomic information and metabolic 

activity at the flux level [18, 35]. 

 The models commonly used in metabolic engineering can be grouped into two 

classes: stoichiometric models and kinetic models. Kinetic models define the metabolite 

system by combining kinetics information about specific cellular processes with known 

stoichiometry. Thus, in principle, kinetic models capture the dynamic properties of the 

metabolic network. However, this kind of models involves the knowledge about large 



Introduction and Background 

Metabolic engineering of heterologous peptide production in S. cerevisiae 

 

9 

amount of kinetic data, which is difficult to obtain, and in addition, the kinetic parameters 

obtained in vitro are, most probably, not exactly the same as in vivo. On the other hand, 

stoichiometric models define the metabolic network as a set of stoichiometric equations 

representing the biochemical reactions in the system. Although it constitutes a hard task, 

the elucidation about the overall metabolic network seems to be very attractive, once that 

it may become a platform for in silico biology [35]. In this project, a genome-scale 

stoichiometric model will be used to design a strategy to improve the peptide of interest 

production in S. cerevisiae. Thus, background information on metabolic pathway analysis 

will be developed here. 

1.3.1. Metabolic Pathway Analysis  

Since metabolic pathways and fluxes are the core of metabolic engineering and 

metabolic pathway analysis, it is important to clarify their definitions from the beginning; a 

metabolic pathway is defined as any sequence of feasible and observable biochemical 

reaction steps connecting a specified set of input and output metabolites. The pathway flux 

is the rate at which input metabolites are processed to lead to output metabolites. Notice 

that the feasibility and observability of the biochemical steps are important, since due to 

the complexity and diversity of the metabolic networks, it is beneficial to lump non 

observables reactions together [25]. Metabolic fluxes constitute a fundamental determinant 

of cell physiology, because they provide a measure of the degree of engagement of various 

pathways in overall cellular functions and metabolic processes [41]. 

As already mentioned in chapter 1.3 – Metabolic Engineering, the first step to make 

a stoichiometric model is the reconstruction of the whole metabolic network of the 

microorganism in question. A stoichiometric model includes all known metabolic reactions. 

Therefore, it implies a very exhaustive research in all annotated genome information, 

textbooks, recent publications, reviews and pathway databases [17]. In 2004, genome-scale 

models of the metabolic networks of Escherichia coli, Haemophilus influenzae, 

Helicobacter pylori and S. cerevisiae were available. All these models are essentially 

stoichiometric, therefore lacking kinetic information, regulatory mechanisms or other 

cellular processes. The main reasons for this are the lack of information and incomplete 

understanding of complex cellular regulation. Although these models are far from a perfect 

representation of total cellular systems, they may be very useful and it is a huge challenge 

to extract, understand and use all the information contained in their outcome [35]. 

After identification of the metabolic network, the next step will be quantifying the 

fluxes through different branches – the fluxome. The quantification of the fluxes may be 

achieved by using the concept of metabolite balancing to build a stoichiometric model. The 

material balance must be established for each metabolite assuming stationary state for 

metabolite concentrations. Then, a set of algebraic equations relating all the fluxes in the 
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overall network is obtained (Equation 1-1). Gcxf is the stoichiometric matrix where the 

elements Gc,f is the stoichiometric coefficient of the metabolite c in the reaction f. 
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The solution of the system with algebraic equations presented in Equation 1-2 will 

provide the metabolic flux vector, v. This equation system is often underdetermined, which 

means that the number of balances around intracellular fluxes is smaller then the number 

of fluxes to be determined. Therefore, additional information or assumptions are required 

to solve this mathematical problem [17, 25, 31]. Currently, there are five different 

methodologies that can be applied to investigate the structural properties of stoichiometric 

models and to predict or simulate metabolic behaviour [17]:  

� Metabolic Flux Analysis (MFA) – a number of exchange fluxes are measured to render a 

determined equations system, thus enabling the calculation of intracellular fluxes and 

identification of pathway activity. Typically, this approach is taken when there is a 

small model with 50-100 reactions and low degree of freedom. 

� Metabolic Network Analysis (MNA) – labelling experiments are used to identify the 

pathway topology and to quantify the fluxes. The cells are fed with 13C-labelled 

substrates and the 13C-enrichment of the different carbon atoms of intracellular 

metabolites are measured using NMR or CG/MS. Besides pathway identification, this 

approach also provides information about compartmentalization, futile cycling and 

metabolic channelling.  

� Extreme Pathway Analysis and Elementary Flux Mode Analysis – In contrast with the rest 

of the approaches where a particular solution is obtained, these two methodologies 

provide a characterization of all possible flux distributions fulfilling the stoichiometric 

constraints. These approaches use convex analysis in order to calculate a unique set of 

pathways. In Extreme Pathway Analysis a set of positively linear independent pathways 

mathematically equivalent to the edges of a convex solution cone are calculated. On 

the other hand, Elementary Flux Mode Analysis also includes some positively linear 

dependent pathways via a simplicity constraint and this allows the direct calculation of 

the theoretical possible pathways. 

� Flux Balance Analysis (FBA) – Like the two first presented methodologies, FBA aims to find 

a particular solution to the flux distribution. Usually is not possible to obtain a 
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sufficient number of experimental constraints that enable to determine the metabolic 

fluxes in the model. Thus, a particular flux – objective function - is optimized through 

linear programming, leading to a solution of the metabolic fluxes distribution. 

Naturally, the micoorganisms are evolved for maximizing growth, so optimization of 

growth rate is often applied as objective function in FBA [17, 35]. 

With analogy to FBA, there are another approaches aiming to find a particular 

solution to flux distribution. One of them is MOMA – Minimization of the Metabolic 

Adjustment – that differs from FBA in the objective function; MOMA does not assume 

optimality of growth or of any other metabolic function. Generally, mutants generated in the 

laboratory are not subjected to the same evolutionary pressure that shaped the wild type. 

Therefore knockouts probably do not possess a mechanism for immediately regulation of the 

fluxes toward the optimal growth. Within MOMA approach, a mutant is likely to initially 

display a suboptimal flux distribution that is somehow intermediate between the wild-type 

optimum and the mutant optimum. Thus, the real knockout steady state will be better 

approximated by the flux minimal response to the perturbation than by the optimal one. The 

metabolic phenotype prediction is based on the distance minimization in flux space between 

the wild-type and the mutant. Because distance is a quadratic function in flux space, 

quadratic programming is employed to solve the flux distribution [39]. Some interesting 

studies comparing MOMA with FBA were published by Sergè and co-workers (2002) [39] and 

Patil and co-workers (2005) [36]. Another approach to solve the flux distribution is ROOM – 

Regulatory On-Off Minimization, which aims to minimize the number of significant flux 

changes (hence, on-off) with respect to the wild type. This approach was suggested by Shlomi 

and co-workers (2005) [41], and once more they compare the results obtained with FBA and 

MOMA. Broadly analysing, MOMA provides accurate prediction for the initial transient growth 

rates, observed during the early post-perturbation state, while ROOM and FBA more 

successfully predict final, higher steady state growth rates [41]. 

 The design of metabolic engineering strategies based on stoichiometric models is, 

indeed, very useful, since stoichiometric models may help to find even non-intuitive genetic 

modifications spanning several different pathways [36]. However, the information provided 

by these models has to be carefully analysed; the predictions are strongly dependent on the 

metabolic network, which is impossible to reproduce perfectly due to its complexity and 

lack of knowledge about all the possible reactions. The mesh of cofactors in the network is 

so intricate, that will be very difficult to guarantee that all the reactions are accounted in 

the model. Furthermore, these models lack kinetic and regulatory information. There are, 

however, efforts to introduce regulatory information in the form of Boolean constraints [7, 

25, 31, 37]. 

The last step of metabolic pathway analysis is a peculiar question: how is the 

distribution of the flux controlled? This is a key question in metabolic engineering, since 

only with an understanding of how the flux distribution is controlled it is possible to design 

a suitable strategy to obtain improved cellular performance. This so called control of the 
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fluxes is performed by kinetic and thermodynamic constraints, information that is lacking in 

the concept of metabolite balancing mentioned above. Much more information is needed to 

achieve this task, namely understanding how the enzymes around the branch points are 

regulated. Knowledge about the metabolite levels around the branch point together with 

information about the affinities of the enzymes in the pathway will be valuable. The 

metabolic network control system may be described in terms of metabolic control 

coefficients or flux control coefficients (FCCs), which are parameters that turn out the 

degree of control exercised by an enzyme in the overall network. Thus, the study of flux 

control examines the effects of perturbations in the enzymatic activity on the systemic 

metabolic behaviour in order to identify the best enzymatic target(s) for gene manipulation 

[25, 34]. 

Within metabolic pathway analysis, mathematical modelling may support and 

facilitate the analysis of the metabolic behaviour [17]. Furthermore, the potential of 

genome-scale stoichiometric models as a powerful tool to design metabolic engineering 

strategies for strain improvement has been shown here. Many successful examples applying 

these techniques have been published in the past few years; Applying FBA, the effect of a 

single gene deletion in the central carbon metabolism was computed for Escherichia coli in 

different media, and in 86 % of all investigated cases the computed results were in 

agreement with the previous published experimental results [10]. A couple of years later, 

similar results were found for the central carbon metabolism in Saccharomyces cerevisiae 

[14]. Extreme pathway analysis was successfully applied for the investigation of the flexibly 

and the robustness of a genome-scale metabolic network of Haemophilus influenzae [40]. 

These are just a few examples of several successful cases. 
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1.4. AIM OF THIS STUDY 

 

As mentioned above, the main goal of the overall project is to express the peptide 

of interest biosynthetic pathway in Saccharomyces cerevisiae, with consequently peptide 

production. Previous work has been done and the transformed S. cerevisiae strain carrying 

the necessary genes to produce the peptide is already available. The first idea to optimize 

the peptide production in S. cerevisiae was to directly add the amino acid precursors and 

try to find out if one of them was actually limiting the production. In parallel, and 

remembering that the peptide is an intracellular metabolite - several extraction solvents 

were tested, trying to attenuate loss of product of interest during the extraction 

procedure. 

Since the branch points have a relevant regulatory role in metabolic engineering, 

afterwards there was a trial to determine the kinetic parameter KM (Michaelis Menten 

constant) of an enzyme from a branch point in S. cerevisiae metabolic network.  

In the next and last step, a genome-scale stoichiometric model was used to attempt 

the in silico optimization of peptide production in S. cerevisiae. An approach of 

evolutionary programming called OptGene was taken to optimize yield and productivity 

appealing to FBA calculation mode. Promising mutants were found and will be discussed 

along this project. Furthermore, some investigation on the metabolic network was carried 

on, attempting improved predictions. Finally, the impact of large flux increases was tested 

by increasing the protein synthesis within the cell. The analysis of the outcome of the 

genome-scale models is, as referred before, a hard task to accomplish and this work 

constitute a suggestion of a method to analyze these data. This can be a start point to 

establish an accurate mode to better understand the models themselves and the biological 

systems. 
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2. OPTIMIZATION OF PRECURSOR SUPPLY FOR PEPTIDE OF INTEREST 

PRODUCTION IN S. CEREVISIAE 

This chapter will describe the first set of experiments aiming at the improvement of 

peptide of interest production through precursors supply optimization.   

First of all, the growth curve of the mutant with heterologous expressed pathway 

was obtained, as well as the peptide producing capacity was tested. Furthermore, various 

organic solvents were tested in order to establish a good recovery process. Afterwards, the 

precursor amino acids were added to the culture medium to study the impact on the 

desired metabolite production, as well as on the microorganism growth. Finally, a two-step 

adaptation test to galactose as sole carbon source was carried out and, once again, the 

impact on the desired metabolite production and cell growth was analyzed. 

 

2.1. MATERIALS AND METHODS 

2.1.1. Strains 

The genetically engineered microorganism to synthesize the peptide was S. 

cerevisiae and different strains were provided by BioCentrum-DTU strain collection. All the 

strains were previously obtained from the wild type CEN.PK 113.9D (ura-, trp-) by 

transformation with the pESC-URA cloning vector, comprising genetic information encoding 

the enzymes of interest and the URA3 selective marker. Except the strain containing the 

plasmid pESC-URA-4, which is the empty cloning vector, all the remaining strains contain 

plasmids comprising the necessary genes to accomplish the synthesis of the petide. All the 

strains used in this study are listed in Table 2-1, as well as their relevant characteristics. 

Table 2-1: The different strains used in this project. 

Micoorganism Name Relevant characteristics 

pESC-URA-4 Contains pESC-URA vector 

pESC-geneB-geneA-3 

pESC-geneB-geneA-5 

pESC-geneB-geneA-10 

pESC-geneB-geneA-12 

pESC-URA vector containing: 
geneB gene under control of GAL1 promoter and 
geneA gene under control of GAL10 promoter. Saccharomyces 

cerevisiae 

pESC-TA- geneB-geneA-4 
pESC-URA vector containing: 
geneB gene under control of TEF1 promoter and 
geneA gene under control of ADH1 promoter. 
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2.1.2. Media 

Synthetic glucose or galactose dropout medium without uracil (SD/SG URA-) was 

used in all the growth experiments. Additionally, in the experiments with amino acid 

addition, a minimal medium (Delft medium) was tested. All chemical agents used in this 

project were purchased from Merck and Sigma Aldrich. All media were prepared with 

distilled water, autoclaved at 121ºC for 20 minutes and stored at room temperature after 

sterilization. 

 

Synthetic dextrose or galactose - SD/SG – dropout medium without uracil (URA-) 

One liter of SD/SG dropout medium contains 20 g of glucose/galactose, 6.7 g of 

yeast nitrogen base without amino acids, 40 mg of adenine sulfate, 20 mg of L-arginine, 100 

mg of L-aspartic acid, 100 mg of L-glutamic acid, 20 mg of L-histidine, 60 mg of L-leucine, 

30 mg of L-lysine, 20 mg of L-methionine, 50 mg of L-phenylalanine, 375 mg of L-serine, 

200 mg of L-threonine, 40 mg of L-tryptophan, 30 mg of L-tyrosine and 150 mg of L-valine. 

For agar plates, 20 g of agar was added to 1 liter of medium. Before sterilization the pH 

was set to 5.5-6 by adding sodium hydroxide solution (2N). 

 

Delft minimal medium 

To prepare the Delft medium, the solution containing the carbon source was 

prepared and sterilized separately. One liter of Delft medium contains 100 ml of a 20 g/l 

carbon source (galactose) solution and 900 ml of a solution containing: 75 ml of 0.1 g/l 

ammonium sulfate - (NH4)2SO4, 120 ml of 0.12 g/l monopotassium phosphate – H2KPO4, 10 

ml of 0.05 g/l magnesium sulfate hepta-hydrated – MgSO4.7H2O, 2 ml of trace metal solution 

(see Appendix A), 50 µl of Sigma 204 antifoam and water. Before sterilization the pH was 

set to 6.5 by adding sodium hydroxide solution (2N). After sterilization 0.1 ml of vitamin 

solution (see Appendix A) was added. 

2.1.3. Aerobic shake-flask experiments 

Growth experiments were made with three different objectives: to obtain a growth 

curve for different strains, as well as the final peptide concentration, to study the effect of 

the addition of the precursors and a two-step adaptation test to galactose as sole carbon 

source.  

All growth experiments were carried out in 500 ml shake-flasks, under aerobic 

conditions, at 30 ºC and 150 rpm in an orbital shaker, with a liquid volume of 100 ml. The 

shake-flasks were inoculated with pre-cultures that had grown overnight in the same 

conditions as the main cultures (50 ml tubes with 10-15 ml medium). All the pre-cultures 

were grown with SD URA- dropout medium, while the main cultures were grown with 

different media depending on the strain and experiment. The strains expressing geneB and 
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geneA under control of GAL promoters were grown in SG URA- dropout medium containing 1 

or 3 g/l of glucose. The strain expressing geneB and geneA under control of the TEF1/ADH1 

promoters was grown in SD dropout medium. In all the growth experiments the biomass 

concentration was followed by OD600 nm measurement until the stationary-phase was 

achieved. 

 

Growth curve experiments 

The strains pESC-URA-4, pESC-geneB-geneA-12 and pESC-TA-geneB-geneA-4 were 

used to build a growth curve. The pre-cultures were grown overnight in SD URA- dropout 

medium and were used to inoculate the shake-flasks. The cultures were grown in triplicates 

in SG URA- dropout medium (100 ml) containing 3 g/l of glucose. The OD600 nm was measured 

every 2 during the first 26 hours and, after that, every 4 hours until they had reached the 

stationary phase, when the cultures were harvested. During the growth, the cultures were 

periodically checked for microbial contamination in an Olympus BX40 optical microscope. 

During the growth, samples were taken to HPLC analysis for quantification of different 

external metabolites, namely glucose, galactose, ethanol, glycerol, pyruvate and acetate. 

Similarly, the cultures were sampled to analyze the formation of the peptide of interest. 

 

Precursor addition experiments 

 In order to perform the precursor supplementation study, the strain pESC-geneB-

geneA-12 was selected, due to its better growth properties and peptide productivity 

observed in previous experiments. A pre-culture was grown overnight in 10 ml of SD URA- 

dropout medium and subsequently used to inoculate a second pre-culture with 160 ml in SD 

URA- dropout medium until an OD600 nm of 6.5 was reached. Finally, the main cultures were 

inoculated with a small volume of the second pre-culture to reach an initial OD600 nm of 

0.05. This test was carried out with two different media: SG URA- dropout (20 g/ml 

galactose) with 3 g/l of glucose and Delft minimal medium (20 g/ml galactose) also supplied 

with 3 g/l of glucose. The amino acids were added during the exponential growth phase on 

galatcose in both media (~20 h in SD URA- and ~24 h in Delft minimal medium). Similarly to 

what was done in the previous growth experiments, the growth was followed by OD600 nm 

measurement and, after reaching the stationary phase, the cultures were harvested and 

sampled to analyze the formation of the peptide. 

 

Two-step adaptation test to galactose as sole carbon source 

 The aim of this experiment is to evaluate the growth and peptide production after a 

small adapting step to the final culture carbon source, galactose. To achieve this objective, 

the strains pESC-geneB-geneA-3, 5, 10 and 12 and pESC-URA-4 were grown in SD URA- 

dropout medium overnight (1st pre-culture, 15 ml, 16 h) and the resultant cells were used 

to inoculate a 2nd pre-culture in SG URA- dropout medium supplied with 1 g/l of glucose 

(100 ml in 500 ml shake-flasks, initial OD600 nm 0.07, 15.5 h). Finally, the cells of the 2nd pre-
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cultures were used to inoculate the main cultures in SG URA- dropout medium without any 

glucose supply. Each strain was grown in three shake-flasks to enable harvest at three 

different culture-times: 24 h, 48 h and 69 h. In this experiment, not only the OD600 nm, but 

also few metabolite concentration (galactose, ethanol, glycerol, pyruvate and acetate) 

were followed during all the culture-time. Every time that a shake-flak was harvested, it 

was sampled for peptide formation analysis. 

2.1.4. Analytical techniques 

External metabolite analysis 

The metabolite analysis was preformed by high-performance liquid chromatography 

(HPLC) on a WatersTM 717 plusAutosamp (Waters Millipore) containing an ion exchange 

column. To analyze the metabolite concentrations, 2 ml samples of cell culture were 

filtered (0.20 µm pore size), frozen and kept at -20 ºC until analysis. The injected volume 

was 25 µl per sample and the column was eluted at 60 ºC with 5 mM of H2SO4 with a flow 

rate of 0.6 ml/min. Detection of glucose, galactose, ethanol and glycerol was performed by 

means of a Waters 410 differential refractometer, while detection of acetate an pyruvate 

was performed by means of a Waters 490E programmable multiwavelength detector. 

 

Peptide of interest measurement and solvent test 

 Samples with 15 ml of cell suspension were centrifuged at 4 ºC, 4000 rpm during 5 

minutes in an IEC Centra MP4R centrifuge from International Equipment Company. Since the 

peptide of interest is expected to occur mainly as an intracellular metabolite, the 

supernatant was discarded, except in the first experiment; 1 ml of supernatant was 

analyzed by LC-MS to confirm that there was no loss of product to the culture medium. The 

pellet was resuspended in 1 ml of distilled water and centrifuged again at 4ºC, 15 000 g 

during 5 minutes in a microcentrifuge 157.MP from Ole Dich Instrumentmakers APS. The 

supernatant was again discarded and the pellet was processed to promote the cell lyses and 

peptide recovery. In this process, some alternatives were tested, namely different 

extraction solvents and different mechanic cell disruption methods. Generally, the pellet 

was resuspended in a solution containing of 400 µl of organic solvent and 100 µl of 20 mM 

acetate buffer, pH 8. Afterwards, the cell suspensions were submitted to mechanical 

disruption and centrifugation in a microcentrifuge 157.MP from Ole Dich Instrumentmakers 

APS at 4ºC, 15 000 g during 5 minutes. The supernatant was transferred to a LC-MS vial that 

was frozen and kept at -20ºC until analysis 

Five different organic solvents were tested to carry out the cell lyses and peptide 

recovery: acetonitrile, methanol, ethanol, acetone and isopropanol. To test different 

solvents, pellets of the strain pESC-URA-4 were dissolved in 800 µl of each solvent and split 

into two small tubes. Then, 100 µl of 20 µg/ml or 200 µg/ml peptide solution in acetate 

buffer were added into the mixture. The tubes were submitted to 1 hour of sonication, 
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centrifugation and were kept at the same conditions as described above. Initially two 

solvents were used for the analysis of the samples (acetonitrile and methanol), and in the 

remaining experiments acetonitrile was selected as extraction solvent. The blanks 

contained 400 µl of organic solvent and 100 µl of acetate buffer 20 mM. The standards 

contained 400 µl of organic solvent, 100 µl of 20 mM acetate buffer, and 20 µg/ml of 

peptide. 

In the first experiments, the suspension was sonicated for 1 hour at low 

temperature to provoke cell lyses. Alternativley, in the other two experiments, the cells 

were disrupted by vortexing the cell suspension with glass beads in FastPrep FP120 

equipment from Bio101 Savant. To avoid high temperatures, this procedure was split in 5 

rounds of 30 seconds. The samples were cooled down on ice between every two rounds.  

The peptide concentration was analyzed by liquid chromatography connected with 

mass spectroscopy – LC-MS. The analysis was performed in a HPLC Agilent 1100 series with a 

Phenomenex Gemini 3u C6-Phenyl 110A 50x2 column from Agilent Technologies and the 

detection was carried out in a Micromass LCT mass spectrometer from Micromass. A linear 

gradient of water (with 20 mM formic acid) and methanol (with 20 mM formic acid) was 

used between 0 to 100 % methanol over 20 minutes and then maintained for 5 minutes with 

a flow rate of 0.3 ml/min to elute. The LC-MS chromatograms were collected from m/z 100 

to 900. 

 

2.2. RESULTS 

2.2.1. Growth curve 

To build the growth curve, different strains were used: pESC-URA-4, pESC-geneB-

geneA-12 and pESC-TA-geneB-geneA-4. pESC-URA-4 contains the plasmid without the 

peptide synthetic genes, and the other two strains contain the two genes under different 

promoters, GAL1/GAL10 and TEF1/ADH1, respectively. Since in the strain pESC-geneB-

geneA-12 the genes are under control of GAL promoters, the carbon source used in its 

culture was galactose, as well as for the strain containing pESC-URA-4 (SG URA- dropout 

medium). However, previous experiments had pointed out that these transformant cells 

were not able to grow in a medium containing galactose as sole carbon source. Therefore, 

glucose (3 g/l) was used as additional carbon source to induce growth. To grow the cells 

comprising the genes under control of the constitutive promoters TEF1/ADH1, glucose was 

used as carbon source (SD URA- dropout medium). The cells were grown until they reached 

the stationary phase. Figure 2-1 shows the growth curves obtained for the three strains. 
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Figure 2-1: Growth curves for the strains pESC-URA-4, pESC-geneB-geneA-12 or pESC-TA-geneB-
geneA-4. 

 

As one may see in Figure 2-1, the strain pESC-TA-geneB-geneA-4 had a one-step 

growth curve, while the strains pESC-URA-4 and pESC-geneB-geneA-12 had a two-step 

growth curve. Since well defined media containing two different carbon sources were used, 

it was expected to see this two-step growth, also called a diauxic growth [1]. All strains had 

a very similar exponential growth during the first 12 hours of culture. Afterwards, the strain 

pESC-TA-geneB-geneA-4 maintained the same growth rate for the next ~4 hours and started 

to slow down the growth (transient phase) until reaching the stationary state, after 30 h. 

The other two strains had a transition lag phase between 12 and 20 hours and then started 

to grow exponentially again, until reaching the final stationary phase. Both stains grew 

slowly in the second exponential phase. Although the strains pESC-URA-4 and pESC-geneB-

geneA-12 showed the same growth trend and the same biomass concentration at the final 

stationary state, the strain caring the empty plasmid grew slightly slower in the second step 

of exponential growth comparing with the strain comprising the peptide biosynthetic genes. 

Consequently, the pESC-geneB-geneA-12 entered in the stationary state after 34 hours, 8 

hours before the strain pESC-URA-4. The final OD600 nm for all the strains was very similar, 

around 8.5. 

To calculate the exponential growth rate (µ), the mass balance equation presented 

in Equation 2-1 was applied to the shake flask (batch) experiments. 

( )
XVkXFXVXF

dt

XVd
doutoutinin −−+= µ  Equation 2-1 

On Equation 2-1, X means biomass concentration, V means volume, Fin means 

volumetric flow rate to the reactor, Fout means volumetric flow rate out of the reactor, t 

means time, Xin means biomass concentration on the feed, Xout means biomass 

concentration leaving the reactor and kd represents a dead rate. In batch experiments, such 

as this case, there is no inlet and outlet, so Equation 2-1 can be simplified to Equation 2-2. 

( )dkX
dt

dX
−= µ  Equation 2-2 



Precursors supply optimization for peptide production in Saccharomyces cerevisiae 

Metabolic engineering of heterologous peptide production in S. cerevisiae 

 

20 

During the exponential growth phase, one can assume that µ >> kd and that µ ≈ µmax 

(constant), so Equation 2-2 may be solved in a period of time when these assumptions are 

valid like expressed by Equation 2-3 [32]. 
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Equation 2-3 

 

The growth rates of the three strains are presented on Table 2-2, as well as the 

time period assumed for exponential growth in each case. Notice that the strains that had a 

diauxic growth curve will have one growth rate corresponding to each step of exponential 

growth. 

 

Table 2-2: Growth rates and periods of exponential growth phases of the strains pESC-URA-4, pESC-
geneB-geneA-12 or pESC-TA-geneB-geneA-4. 

1st step of exponential growth 2nd step of exponential growth 

Strains 

Growth rate, µ1 (h
-1) Period (h) Growth rate, µ2 (h

-1) Period (h) 

pESC-URA-4 0.264 ± 0.008 0-14 0.071 ± 0.009 20-38 

pESC-geneB-geneA-12 0.277 ± 0.008 0-14 0.089 ± 0.008 20-30 

pESC-TA-geneB-geneA-4 0.30 ± 0.01 0-18 ― ― 

 

During the consumption of the first carbon source, the strains had a higher growth 

rate than in the second exponential growth phase. Furthermore, the strain pESC-TA-geneB-

geneA-4 had a slightly higher growth rate comparing with the others, while the strain pESC-

URA-4 had the lowest growth rate during the first exponential growth step. During the 

second growth step, only existent for the strains pESC-URA-4 and pESC-geneB-geneA-12, the 

latter presented a better growth performance. 

The HPCL analysis of the external metabolites for the strains growing in galactose 

and glucose showed that, in the end of the cultures, all the carbon sources (galactose and 

glucose) had been consumed and some amount of ethanol (~9 g/l), glycerol (~1.3 g/l), 

succinate (0,03 g/l), and pyruvate (~ 0.3 g/l) had been formed. Figure 2-2 gives an 

overview about the evolution of the carbon source concentration during the growth, as well 

as about the major external metabolite formation for the strain pESC-geneB-geneA-12. 
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Figure 2-2: Galactose, glucose, ethanol and glycerol profiles for the strain pESC-geneB-geneA-12. 

  

Although very small amount of data is available for the metabolite profiles, is 

possible to detect some trend, namely that the glucose is being consumed during the first 

20 h and, only after that, the galactose concentration begins to decrease. 

When the cultures had reached the stationary phase, they were harvested and lysed 

by sonication in a mixture containing acetate buffer and an organic solvent. Before 

analyzing the peptide production by the cells containing the genes geneB and geneA, five 

different solvents were tested in order to choose the solvent that could better stabilize the 

product. Thus, mixtures containing each solvent, 20 or 200 µg/ml of peptide, acetate 

buffer and pESC-URA-4 cells were sonicated for one hour, centrifuged and the supernatant 

was run on LC-MS. Furthermore, peptide standards were prepared by mixing each solvent 

with acetate buffer and peptide (20 µg/ml) and processed in the same way. The blanks 

contained only solvent and acetate buffer. The results for methanol and acetonitrile are 

presented on Figure 2-3. Since the results for all the solvents were very similar, the 

remaining results are presented in Appendix B. 
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Figure 2-3: LC-MS chromatogram with the solvent test results. A means acetonitrile, M means 
methanol, 1 means blank, 2 means peptide standard and 3 means peptide 20 µg/ml plus pESC-URA-4 

cell extract. 

 

All the solvents had very similar results (Figure 2-3 and Appendix B), the the peptide 

of interest eluted at ~9 min.  Moreover, there are no compounds from the crude extract of 

the pESC-URA-4 cells (used as a control) with similar molecular weight eluting at the same 

time, which could interfere with the analysis. Apparently it is indifferent which organic 

solvent might be the best to the recovery process based on the product extraction, all of 

them seemed to be equally suitable. Thus, with no special motive, acetonitrile and 

methanol were selected to proceed for further analysis. However, three months later, the 

same standards with acetonitrile or methanol stored at -20 ºC were run again on LC-MS 

(Figure 2-4). 
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Figure 2-4: Evolution of peptide standards with acetonitrile or methanol after 3 months analysed by 
LC-MS. M means methanol and A means acetonitrile. 1 means the normal molecule and 2 means a 

molecule with the double mass. 

 

As may be checked on Figure 2-4, it was found that, in acetonitrile, the peak 

corresponding to the peptide (retention time of ~9 min) had a pronounced decrease (peaks 

A1-March and A1-June), while another peak, with double mass and retention time of ~12.5 

min had a pronounced increase (peaks A2-March and A2-June). This result suggests that 

acetonitrile is not a good solvent to the recovery process, probably because it may promote 

the formation of the dimmer. The same phenomenon was verified with methanol, but in 

less extent, which may indicate methanol as a better solvent to the peptide recovery 

process and long term storage. 

 

After the solvent selection, the cell lysates from the strains pESC-geneB-geneA-12 

and pESC-TA-geneB-geneA-4 were analysed in acetonitrile or methanol by LC-MS (Figure 

2-5). Moreover, the supernatant resulting from the centrifugation of the cell culture of 

these two strains was analysed too, in order to confirm that there was no loss of peptide to 

the extracellular broth. 
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Figure 2-5: Peptide formation analysis using LC-MS. A means acetonitrile, M means methanol. 1 

means pESC-URA-4 cell lysate plus 20 µg/ml peptide, 2 means pESC-geneB-geneA-12 cell lysate, 3 

means pESC-TA-geneB-geneA-4 cell lysate, 4 means pESC-geneB-geneA-12 extracellular broth, 5 

means pESC-TA-geneB-geneA-4 extracellular broth, 6 means blank. 

 

 A small peak with an elution time of ~9 min, most probably representing the 

peptide of interest was found in the cell lysate of the strain pESC-geneB-geneA-12 with 

both solvents. The peptide peak was not detected neither in the cell lysate of the strain 

pESC-TA-geneB-geneA-4, neither in any of the supernatant samples. 

2.2.2. Optimization of the desired peptide production by adding the 

precursors to the culture medium 

The strain pESC-geneB-geneA-12 was selected to proceed with the peptide precursor 

test, because it showed the best capacity to produce in the previous experiment. The strain 

was grown in SG URA- dropout medium (20 g/l galactose) supplied with 3 g/l of glucose and 

in Delft minimal medium (20 g/l of galactose), also supplied with 3 g/l of glucose. The 

cultures were inoculated (initial OD600 nm of 0.06) with cells grown in SD URA- dropout 
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medium during ~24 hours (final OD600 nm of 6.75) and were grown until the stationary phase; 

39 h for the cells growing in SG URA- dropout medium and 45 h for the cells growing in Delft 

minimal medium. The growth profiles of the cells growing in both media without amino acid 

supply are presented in Figure 2-6, as well as the growth curve obtained in the previous 

experiment for the strain pESC-geneB-geneA-12 as reference. 
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Figure 2-6: Growth profiles of the strain pESC-geneB-geneA-12 growing in SG URA- dropout medium 
(20 g/l gal) supplied with 3 g/l of glc and in Delft minimal medium (20 g/l gal) supplied with 3 g/l of 

glucose. 

 

The growth profile of the cells growing in SG URA- dropout medium was similar to 

the growth curve previously obtained (Figure 2-6). The final OD600 nm of the culture was 

around 7. On the other hand, the cells growing on Delft minimal medium grew much slower 

in the first exponential growth phase when compared with the cells growing the SG URA- 

dropout medium, but grew with a similar rhythm in the second exponential growth phase. 

The final OD600 nm reached by the cells growing on Delft minimal medium was around 4, 

reasonably lower comparing with the other medium. Notice that the reduced amount of 

data, especially in the first exponential growth step, may influence these results. Further 

studies, namely with Delft minimal medium would be necessary to calculate the growth 

rates and confirm the profile. 

After 20 h of culture, during the second exponential growth phase, different 

combinations of the precursos amino acids were added to the cells growing in SG URA- 

dropout medium. The precursors were added late to avoid the cells to use them exclusively 

to grow. The cells growing in minimal Delft medium were also supplied with different 

combinations of the three amino acids in the second exponential growth phase (24 h).  

At the end of the cultivation, the cells were harvested and cell lysates were 

prepared with acetonitrile and acetate buffer 20 mM by vortexing with glass beads. 

Additionaly, for one of the cultures, two cell lysates were prepared, one by vortexing and 

another by sonication to further compare the results. The LC-MS results did not reported 

formation of peptide in any of the analyzed cultures. 
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2.2.3. Adaptability test of pESC-geneB-geneA to galactose as sole carbon 

source 

Since in the first experiment no peptide production was detected with the strain 

containing a constitutive promoter, it was decided to go on with the production 

optimization with the strain pESC-geneB-geneA-12, which has the biosynthetic genes under 

control of the GAL1/GAL10 promoters. However, in the second experiment this strain show 

some adverse results; no peptide production was detected and the maximum OD600 nm 

reached was lower than in the first try. For some reason, it seems that this strain is loosing 

performance. In order to try one more time to produce peptide, the strains pESC-geneB-

geneA-3, -5, -10 and -12 were submitted to a two-step adaptation test to galactose as sole 

carbon source. Growing the strains only with galactose as carbon source may be an 

advantage, because the promoters activating the geneB and geneA genes expression are 

induced by galactose and in this way they are being induced from the beginning [50]. 

 All strains were grown in SD URA- dropout medium for ~24 h (1st pre-cultures). 

Afterwards, these cells were used to inoculate the 2nd pre-cultures, grown during ~35 h in 

SG URA- dropout medium supplied with 1 g/l of glucose. One of the cultures (pESC-geneB-

geneA-12) was grown until the stationary phase (~43 h) and harvested to test if some 

pepide was formed. 

 All strains containing the pESC-geneB-geneA plasmid showed a very similar growth 

profile, reaching a final OD600 nm (35 h) of ~6.5. The growth profiles of the 2nd pre-cultures 

from Erro! A origem da referência não foi encontrada. suggest that, once more, the strain 

containing the empty plasmid is growing slower than the strains containing the two genes 

during the second exponential growth phase and after 35 h it had an OD600 nm of 5.36. 

The 2nd pre-cultures were used to inoculate the final cultures with initial OD600 nm of 

0.1, in SG dropout medium (20 g/l galactose) without any glucose supplement. The option 

for this long growth of the 2nd pre-culture (~35) compared with the other pre-cultures in 

this work (24 h) is related with the substrate that is being consumed at the time of the 

inoculation of the final cultures. As mentioned before, there are two carbon sources 

available in the culture medium, reason why the cells present a diauxic growth. Since the 

“galactose uptake genes” are repressed by glucose, until all the glucose in the medium has 

been consumed, no consumption of galactose will occur. Afterwards, when only galactose is 

available, the cells will use it to grow, originating a two-steps growth profile [50]. Thus, it 

is expected that if the cells are already adapted to galactose, they will probably be able to 

grow with galactose as sole carbon source. Furthermore, since there is no glucose in the 

medium, the peptide production genes are activated from the beginning of the growth. 

For each different strain there were three equal shake-flaks; the cells growing in 

the first shake-flasks were harvested after 24 h to analyse peptide production, while the 

cells of the second shake-flasks were harvested after 48 h and the last shake-flasks were 

finished after 69 h. The cultures were grown during 69 h (maximum) and were sampled 
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regularly to measure external metabolites concentration by HPLC. The growth profiles 

obtained for all the strains are presented on Figure 2-7, as well as the evolution of the 

relevant external metabolites during the growth. 
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Figure 2-7: Growth profiles of the strains pESC-URA-4, pESC-geneB-geneA-3, -5, -10 and -12 growing 
in galactose as sole carbon source. External metabolite profiles of the strain pESC-geneB-geneA-12. 

 

 All the stains in this experiment had a small initial lag phase, probably because the 

inoculum was already entering in stationary state. In this set of experiments, the growth 

profiles contain only one phase of exponential growth. This phenomenon was already 

expected, since that galactose is the only carbon source available in the medium. The 

strains containing the peptide biosynthetic genes showed a very similar growth, while the 

strain pESC-URA-4 grew slightly faster (Table 2-3). After ~42 h all the strains entered the 

stationary state and the maximum OD600 nm for each strain is presented in Table 2-3. 

 

Table 2-3: Specific growth rates and final OD600 nm for the strains pESC-URA-4, pESC-geneB-geneA-3, -
5, -10 and -12 growing in galactose as sole carbon source. 

Strains Growth rate, µ (h-1) Final OD600 nm 

pESC-URA-4 0.113 ± 0.003 6.64 

pESC-geneB-geneA-3 0.1012 ± 0.0005 5.32 

pESC-geneB-geneA-5 0.102 ± 0.002 5.42 

pESC-geneB-geneA-10 0.104 ± 0.003 5.42 

pESC-geneB-geneA-12 0.105 ± 0.002 5.4 

 

 As it is supposed, the galactose concentration is decreasing during the cell growth 

(Figure 2-7). If the biomass and galactose evolution during the exponential growth phase 

are known, the yield of biomass on galactose may be obtained (YX/Gal). During this work no 

correlation between OD600 nm of the different strains and the biomass concentration (g 

pESC-geneA-
geneB-12 
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DW/l) was experimentally tested, thus a linear correlation previously obtained for the wild 

type was assumed (Equation 2-4). 

( ) 083.02164.0/
600

+⋅= nmODlgDWX  Equation 2-4 

 To obtain the yield (in g gal/ gDW) for the strain pESC-geneB-geneA-12, the 

galacotse concentration was plotted against the biomass concentration during the 

exponential growth phase and it was possible to detect a linear trend between them, the 

slope of which will have physical significance - the yield (Figure 2-8). 
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Figure 2-8: Plot of galactose concentration (g/l) against biomass concentration (gDW/l) during the 
exponetial growth phase from samples of the strain pESC-geneB-geneA-12. 

  

As one may see in Figure 2-8, there is a linear correlation between the galactose 

concentration and the biomass concentration and the obtained yield was 1.29 g gal/g DW. 

Furthermore, by multiplying the yield by the specific growth rate (µ) of the strain pESC-

geneB-geneA-12, the galactose uptake rate was estimated to be 7.14 g gal/(gDW.h). 

 

All the strains where sampled at three different culture-times to test the peptide of 

interest formation by LC-MS. However, no product formation was detected in any of the 

cultures. 

 

2.3. DISCUSSION 

 

A set of genetic engineered strains containing the peptide biosynthetic genes were 

used to test their capacity to produce the peptide. Along this chapter, the experiments 

carried out to test and improve the producing capacity of these strains, as well as the 

obtained results were reported and here they will be discussed. 

Generally, galactose was the carbon source used to grow the strains caring the 

genes geneB and geneA under control of the GAL1/GAL10 promoters (pESC-geneB-geneA). A 

different strain with constutive promoters (pESC-TA-geneB-geneA) was grown with glucose 

as sole carbon source. Unexpectedly, the strains pESC-geneB-geneA were unable to grow 

with galactose as sole carbon source, thus a low amount of glucose was supplied to the 

culture medium. All the cultures growing with glucose and galactose had a diauxic growth, 
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as was expected. When the medium contains glucose and galactose, the “galactose uptake 

genes” are repressed by glucose and the cells use only glucose as carbon source. The 

glucose consumption corresponds to the first exponential growth step obtained during the 

cell growth (Figure 2-1). After glucose consumption, the galacotse will activate the 

expression of the “galactose uptake genes” and the cells are able to use it to grow – second 

exponential growth step. During the transition between the two steps there is a small lag 

phase, meaning that the cells are adapting their metabolism to change the carbon source 

[32]. These results are supported by the external metabolite measurements by HPLC (Figure 

2-2), the glucose is being consumed during the first exponential growth phase, while the 

galactose concentration is decreasing during the second exponential growth phase. 

The results obtained for the specific growth rates in both substrates were 

calculated by log-linear regression of OD600 nm versus time. The growth rate in galactose was 

always lower then the growth rate in glucose, as it was expected [47]. The obtained values 

for the growth rates in glucose were very similar for all the strains used in these 

experiments (~0.24-0.28 h-1) except when the strain pESC-geneB-geneA-12 was grown in 

Delft minimal medium (~0.15 h-1) and for the strain pESC-TA-geneB-geneA-4 (0.3 h-1). The 

Delft minimal medium is not supplied with amino acids, which means that the 

microorganism will synthesize the amino acids instead of taking them from the extracellular 

broth. This constitutes a possible reason for the very low value obtained when pESC-geneB-

geneA-12 was grown in Delft minimal medium. Indeed, the growth rate in glucose obtained 

for this strain gowing in Delft medium is similar to the growth rate of the wild type growing 

in minimal medium obtained by Villas-Boas et al. (2005). In general, the values obtained in 

this work for the growth rate in SD dropout medium (glucose) are higher than the values 

obtained for the wild type by Villas-Boas et al. (2005) using minimal medium, but they 

agree with the values previously determined in BioCentrum laboratories. 

Concerning the growth rate in galactose, in all the experiments where the 

microorganisms were grown in SG URA- supplied with glucose, the growth rate in galactose 

was very similar, between 0.08 and 0.09 h-1. These values are slightly higher than the 

values suggested by Villas-Boas et al. (2005) [47]. When four strains carring the palsmid 

pESC-geneB-geneA where adapted to galactose as sole carbon source, the growth rate 

obtained was higher than in the rest of the experiments (~0.1 h-1), suggesting that adapting 

the strains gives better growth performance. Note that these strains are not able to grow 

with galactose as sole carbon source without a step of glucose/galactose adaptation, 

indicating reduced growth performance in galactose. Moreover, it is unexpected that the 

strain carring the empty plasmid shows a lower growth rate in galactose than the strains 

containing the plasmid with the genes, a fact that occurred in most of the experiments. 

This tendency was only outdated after the glucose/galactose adapting test, the obtained 

growth rate for pESC-URA-4 was ~0.11 h-1, while the rest of the strains grown at the rate 

~0.10 h-1. 
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During these experiments, different peptide recovery processes were tested, 

namely different organic solvents were used; acetonitrile, methanol, ethanol, acetone and 

isopropanol. The chromatograms obtained by LC-MS analysis indicate that all the solvents 

were equally applicable and the peptide eluted in all the cases at ~9 minutes (Figure 2-3). 

Since no significant differences were found between the extraction process with different 

solvents, acetonitrile and methanol where the selected solvents with any special motive. 

However, three months later the same standards containing acetonitrile or methanol were 

analysed again and the results suggested that acetonitrile may favour the formation of bis-

peptide. Although it may be a good solvent to the peptide recovery process, acetonitrile 

seems not to be suitable for long term storage of the samples. The results obtained for 

methanol, suggested that with this solvent formation of bis-peptide also occurs, although 

much more attenuated compared to acetonitrile (Figure 2-4). 

The peptide of interest production was analysed for all the strains grown during this 

work. In the first experiment, no peptide was detected in the strain pESC-TA-geneB-geneA-

4, a very small peak from LC-MS analysis suggested that the pESC-geneB-geneA-12 produced 

some peptide and, as it was expected, no peptide was detected in the strain pESC-URA-4. 

These results agree with results previously obtained in BioCentrum laboratories, where the 

strain pESC-geneB-geneA-12 showed the best production performance. However, in the next 

two experiments no production was detected. Although the strains had reacted differently 

to different amino acids additions, any impact was reflected in peptide production. Even 

the strain growing without amino acid addition, thus with the same conditions as before, 

was not able to produce the disered pepide. Concerning the galactose adaptability test, 

although the strains had a good “growth reaction”, also here no peptide was detected in 

the samples analysed by LC-MS. 

Previous work with these strains also suggested that in the strain containing the GAL 

promoters, the expression level of the two heterologous genes was higher then in the 

strains caring the constitutive promoters. Furthermore, the expression of the geneB gene in 

both strains was verified by RT-PCR and Northern-blot. The expression of the geneA gene 

was confirmed by RT-PCR, but no hybridization bands where shown in the northern-blot 

experiment, what may be explained by possible mRNA degradation during the procedures. 

Although the gene expression has been confirmed before, the peptide production by these 

strains was much lower in this work than in the previous test. Furthermore, some peptide 

was detected in the first experiment, but no more after that, which support the suggestion 

that these strains may be loosing not only growth performance, but also peptide production 

capacity. There are some reasons that may be contributing to the low (or no) peptide 

production by these strains: 

� geneA is a considerably big gene and, even if it is being expressed, the mRNA may 

be unstable, susceptible to mRNAases; 
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� the genes used in this project belong to two different strains. In spite of the 

homology between the genes from the used microorganisms, it is possible that they 

are not working properly together. 

� although, the expression was confirmed, it does not mean that the proteins are 

being actually produced, furthermore, there is no guarantee that the proteins are 

being produced with the correct folding, or if they are stable in S.cerevisiae; 

� there is no information about the possible degradation of product by the host 

strain. 

These are just few reasons that may be contributing for no heterologous peptide production 

by the studied strains of S. cerevisiae. 
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3. DETERMINATION OF THE KM OF A BRANCH POINT ENZYME FROM S. 

CEREVISIAE  

As mentioned above, the flexibility of a branch point is determined by the affinity 

of the enzymes competing for the same metabolite and the metabolite concentration. 

Studying the kinetic parameters of “branch point enzymes” constitutes a hard, but 

essential, task to better understand the flux distribution around the branch points, thus 

enabling the establishment of better metabolic engineering strategies [31]. 

It was assumed that the ezyme of interest follows the Michaelis-Menten kinetics and 

the objective of this chapter is to determine the Michaelis-Menten constant, KM (Equation 

3-1). 

M

max
KS

S
vv

+
=  Equation 3-1 

On Equation 3-1, v is the rate (g/(l.h)) of conversion of substrate (S) into product, S 

is the substrate concentration (g/l), vmax is the maximum rate and KM is the Michaelis-

Menten constant, which represents the substrate concentration when v=vmax/2. If certain 

substrate is easily captured by the enzyme (the enzyme has high affinity for the substrate) 

the KM value of the enzyme in this substrate will be small [32]. To experimentally 

determine this value, the Lineweaver-Burk approach was taken and the Equation 3-1 was 

converted in Equation 3-2.  

maxmax

M

vSv

K

v

111
+=  Equation 3-2 

The two kinetic parameters may be determined by measuring the initial reaction 

rate for different substrate concentrations. For more detailed information in enzymatic 

kinetic, Nielsen et al. (2003) [32] is recommended. 

 

3.1. MATERIALS AND METHODS 

3.1.1. Strains and media 

The strain used to determine the KM value of the enzyme of interest of S. cerevisiae 

was CEN.PK 113 7D, which is the parental strain of the strain CEN.PK 113 9D used in chapter 

2, without any auxotrophy marks, also provided by BioCentrum-DTU strains collection. 

The cells were grown in SG dropout media (20 g/l galactose) and the inoculum was 

grown in SD dropout medium (20 g/l of glucose). The media composition was already 

mentioned on topic 2.1.2 from chapter 2. 
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3.1.2. Aerobic shake flask experiment 

The strain was grown aerobically with similar conditions as the experiments of 

chapter 2 (topic 2.1.3): 100 ml of culture in 500 ml shake-flask, 30 ºC, 150 rpm in an orbital 

shaker. The growth was followed by OD600 nm measurement in an UVmini 1240 

spectrophotometer from Shimadzu. The inoculum was grown for ~16 h in SD dropout 

medium (20 g/l of glucose). The cells were grown until stationary phase and were harvested 

by sampling 25 ml of cell culture, centrifuging at 4ºC and 4000 rpm during 5 minutes in an 

IEC Centra MP4R centrifuge from International Equipment Company. The supernatant was 

discarded and the pellet was washed with 10 ml Tris-buffer 10 mM pH 8. The suspension 

was centrifuged again under the same conditions and the supernatant was discarded.  A 

second wash step with 2 ml of the same buffer took place, the suspension was centrifuged 

at 4 ºC, 5000 rpm during 5 minutes (microcentrifuge 157.MP from Ole Dich 

Instrumentmakers APS), the supernatant was discarded and the pellets were frozen and 

kept at -20 ºC until further utilization. The tubes containing the pellets were previously 

weighed for determination of the cell wet weight. 

3.1.3. Cell dry weight determination 

A Sartorius cellulose nitrate filter, 0.45 µm, was dried on a glass dish in the 

microwave oven at 180 W for 10 minutes, weighted on the analytical balance and kept in a 

desiccator to avoid humidity. A sample with 9.6 ml of cell suspension was filtered and the 

filter containing the biomass was dried on a glass dish in the microwave oven at 180 W for 

15 minutes. After cooling down for 15 minutes in a desiccator, the filter was weighed again. 

The difference between the dried filter and the dried filter with biomass is the dry weight 

of the biomass contained in the filtered volume. 

3.1.4. Crude extraction 

The pellet was defrosted on ice and resuspended in a volume of Solution A equal to 

the wet weight of the cells. Solution A is constituted by buffer (10 mM Tris-HCl pH 8) and 

protease inhibitor solution. The amount of protease inhibitor solution (potease inhibitor 

cocktail from Sigma-Aldrich) added to solution A is calculated based on the wet weight of 

the cells; 1 ml of protease inhibitor solution for 20 g of cells.  

 The cells were broken with glass beads in a FastPrep FP120 equipment from Bio101 

Savant. To avoid high temperatures (>10 ºC) the samples were vortexed in four rounds of 30 

seconds (speed 5) and 40 seconds on ice. The lysate was centrifuged at 6000 G (or 10 000 

rpm), 4 ºC during 25 minutes and the supernatant was recovered, frozen and kept at -20 ºC 

until further utilization. 
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3.1.5. Protein concentration in the crude extract 

The protein concentration in the crude extract was calculated by the BCA method. 

To build the standard curve, protein (bovine serum albumine, BSA) solutions of known 

concentration from 0.03125 to 2 mg/ml were prepared by dilution from a 10 mg/ml 

solution. The crude extract was diluted in a range of 10 to 1280 times with buffer Tris-HCl 

100 mM, pH 8. The absorbance of each sample was measured at 562 nm in a COBAS Mira 

Plus Chemistry Analyzer from Roche, at 37 ºC. 

3.1.6. Enzymatic assay 

The enzyme activity determination followed the procedure suggested by - 

confidencial. To obtain the KM of the enzyme of interest the velocity of the catalyzed 

reaction was experimentally determined at 6 different substrate concentrations from 0 to 

25 mM. The total volume for each reaction mixture was 1 ml. The initial velocity 

corresponding to each different substrate concentration was determined by measuring the 

product formation during the first 10 minutes of reaction at 30 ºC. The reaction was 

terminated by addition of 1 ml of 2 % chemical compound A in a specific solvent and the 

product is detected by formation of a compound with yellow colour absorbing at 460 nm. 

The assay was performed twice and in the second time, before running the 

experiments, the crude extract was pre-processed in order to avoid inhibition of the 

enzyme by low molecular weight compounds. In this way, the crude extract was filtrated in 

a size exclusion column, Microcon® from Millipore, model YM-10 with 10 000 of nominal 

molecular weight limit in Dalton. The procedure was accomplished by centrifuging the 

crude extract during 1 hour, 14 000 g and 4 ºC in a microcentrifuge 157.MP from Ole Dich 

Instrumentmakers APS and recovering the phase on the top of the membrane. This step was 

realized twice. In order to avoid clogging the membrane, the crude extract was centrifuged 

for 5 minutes, 10000 G and 4 ºC to remove eventual cell debris and diluted 4 times in the 

beginning of the procedure. 

 

3.2. RESULTS 

3.2.1. Dry cell weight and protein concentration in the crude extract 

The cells were grown in SG dropout medium (20 g/l galactose) until stationary phase 

(~27 hours) and reached a final OD600 nm of 12.4. Two samples of 9.6 ml of cell suspension 

were used to determine the cell dry weight. Following the procedure previously described, 

the average value obtained was 4.5 mgDW/ml of cell suspension. 
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To determine the enzyme activity, the cells were harvested and submitted to crude 

extraction. Before proceeding with the enzymatic assay, it was necessary to determine the 

concentration of total protein in the crude extract. Like already mentioned, the protein 

concentration was determined by the BCA method. First of all, a standard curve was 

obtained in a large range of protein concentration, 0 to 2 mg/ml of protein (Equation 3-3). 

031302512 .OD.)ml/mg(CBSA −×=  Equation 3-3 

The crude extract was diluted between 10 to 160 times and it was verified that all 

dilutions fit the range of the standard curve. Thus, the protein concentration was 

considered to be the average value obtained in all the different dilutions, 19.5 mg/ml of 

crude extract. 

Since the concentration of cells in the cell suspension is known (4.5 mg DW/ml), it 

is possible to calculate the amount of cells in the 25 ml sample for the protein assay, 112.5 

gDW cells. This amount of cells was washed and resuspended in 2 ml of buffer with the final 

volume (cell pellet plus buffer) of ~2.5 ml, so that the new concentration of cells would be 

~45 mg DW/ml. Finally, 1 ml of this suspension was used to do the crude extraction, then 

the amount of cells (mg DW) containing ~19.5 mg of protein is ~45 mg, which means that 

the rate between mg of protein and mg of cells (DW) is ~0.41 mg protein/mg DW. 

3.2.2. Enzymatic assay 

To perform the enzymatic assay, stock solutions of all the necessary compounds to 

the reaction mixture were prepared 10 times concentrated. 

To determine the initial reaction rate with different substrate concentrations, the 

formation of product was followed during increasing periods within the first 10 minutes of 

reaction. In total, 36 reactions were performed with 6 different substrate concentrations 

(between 0 and 25 mM), 0,2 µg/ml of total amount of protein, during 0, 2, 4, 6, 8 and 10 

minutes at 30 ºC in an incubator. 

 The absorbance of the samples was measured immediately after the addition of the 

mentioned solution. However, the expected trend was not detected, which means that was 

not possible to see higher product formation after longer time of incubation. Furthermore, 

the absorbance of the samples was very instable and difficult to precise the exact value. 

Thus, the absorbance of the samples containing 5 mM of substrate was measured 

periodically during 44 hours. 
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Figure 3-1: Evolution of the absorbance at 460 nm of the samples containing 5 mM of substrate after 
different incubation time and of the sample containing 25 mM without incubation. 

 

The absorbance of all the samples increased sharply during 2 hours after the 

reaction had been stopped. After that, between ~10 and ~24 hours, the absorbance of all 

the samples increased reasonably at similar rate, independently of the incubation time. 

After 24 hours the absorbance increased at higher rate in the samples without incubation. 

Curiously, the sample containing higher substrate concentration but with no incubation at 

30 ºC, shows the highest absorbance values. As one may notice, besides the instability of 

the absorbance values, it is very difficult to decide which would be the right period to 

consider the “best” values. The development of the absorbance with time is different 

depending on the concentration and time of incubation of each sample. Furthermore, the 

differences between the absorbance of different samples are too small to exclude the 

possibility of interference of another compound or to ignore the instability of the 

measurement. Even so, the rest of the samples were measured immediately after 

incubation and 15 hours later. Again, it was verified that the absorbance increases at the 

same rate within this period in all the samples containing the same amount of substrate, 

but was impossible to correlate the absorbance with incubation time for each substrate 

concentration. Thus, if no correlation was found between the product formation and the 

incubation time (reaction time), it was not possible to obtain the reaction rate for different 

substrate concentrations. 

In order to attenuate the possible interference of molecules with low molecular 

weight with the absorbance or even with the reaction itself, the assay was partially 

repeated after dialysis of the crude extract. Moreover, to reduce solvent evaporation, after 

incubation the samples were kept on ice and to ensure that the reaction temperature was 

better controlled, the reactions were carried out in water bath at 30 ºC. Five samples were 

used to carry out this test: A) no substrate, incubation time 10 min; B1) substrate 5 mM, 

incubation time 2 min; B2) substrate 5 mM, incubation time 8 min; C1) substrate 20 mM, 

incubation time 2 min and C2) substrate 20 mM, incubation time 8 min. Once more, it was 

noticed that the absorbance was increasing, even if the samples were on ice. After one 
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hour and half, the experiment was interrupted based on the persistent instability of the 

absorbance measurements and not concluding results. Furthermore, the absorbance of the 

diluted crude extract was measured at 460 nm and the obtained value was 0.064, which 

means that there is a possibility of the crude extract is interfering with the absorbance 

results. 

 

3.3. DISCUSSION 

 

Unfortunately, it was not possible to determine the kinetic parameters of the 

desired enzyme applying the suggested colorimetric assay. As mentioned during the Results, 

the expected trend was not detected, it was not possible to see higher product formation 

after longer time of incubation. Actually, it seemed that the incubation time had no effect 

at all on the absorbance of the samples, since any pattern correlating the incubation time 

with absorbance was detected for any substrate concentration. On the other hand, samples 

containing the same substrate concentration showed similar absorbance increasing rate 

between ~3 and ~20 h after incubation, independently of the incubation time. Thus, this 

assay seems to be more sensitive to the substrate concentration rather than the reaction 

time. 

 In order to avoid possible interference of low molecular weight compounds, some 

reactions were repeated after dialysis of the crude extract. Moreover, the reactions were 

carried out in a water bath at 30 ºC, since the heat transfer in water is much faster than in 

inside the incubator, ensuring a better control of the reactions temperature. To reduce 

organic solvent evaporation and consequent concentration (absorbance) increase of the 

dissolved compounds, the samples were kept on ice after incubation. Despite all these 

efforts, the absorbance measurements were still not elucidative and maintained high 

instability, so the experiment was stopped. Furthermore, the crude extract was diluted 

with distilled water until the same concentration used in the reactions and the absorbance 

at 460 nm was measured (0.064). Due to the small differences verified between the 

absorbance of reaction mixtures containing different amounts of substrate and/or different 

incubation times, the crude extract absorbance is high enough to endanger the results. 

Instead of crude extract, the use of purified enzyme solution would probably give more 

stable results. 

Along this experiment, it was verified that even the reaction with no substrate 

addition and no incubation showed yellow colour with comparable intensity to the other 

samples. Indeed, this result may suggest that the crude extract may contain other 

compounds absorbing in the same wavelength after addition of the stop solution. Thus, if 

the reaction that was supposed to be the negative control is showing analogous behaviour 

to the rest of the reaction, another negative control should be used. Using crude extract of 
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a knockout strain might be an attractive solution, since the possible lacking specificity of 

the colorimetric reaction would be detected and taken into account. 
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4. IN SILICO OPTIMIZATION OF PEPTIDE OF INTEREST PRODUCTION IN S. 

CEREVISIAE - OPTGENE 

This chapter aims to design a strategy to improve the peptide yield and productivity 

in S. cerevisiae by using a genome scale-stoichiometric model, and thereby identifying key 

target genes for knockout. First of all, it is important to look into the relevant aspects of 

the in silico metabolic network, which will be the basis for developing the strategy. 

Afterwards, a general overview of the here-used algorithm - OptGene - will precede the 

results and final discussion. 

 

4.1. SACCHAROMYCES CEREVISIAE METABOLIC NETWORK 

 

As mentioned previously, in the chapter 1 - Introduction and Background, the 

Saccharomyces cerevisisae genome-scale metabolic network was reconstructed by Forster 

and co-workers, in 2002 [17, 18]. 

In the reconstructed network, characteristics of eukaryotic cells, such as 

compartmentalization of reactions and involvement of transport steps across cellular 

membranes, were considered. Concerning localization, all of the reactions were located 

into the two main compartments, cytosol and mitochondria, as most of the common 

metabolic reactions in S. cerevisiae take place in these compartments. Reactions located in 

vivo in other compartments, or reactions in which there was no information available on 

the localization were assumed to be in the cytosol. To differentiate metabolites located in 

the mitochondria form the ones that are located in the cytosol, an ‘M’ was added in the end 

of the name of mitochondrial metabolites [18]. The same nomenclature is also followed in 

this report. 

 Information about the reversibility of reactions was taken into account in the 

reconstruction of the network and when there was no information available, the reactions 

were initially considered as reversible. However, this issue was carefully investigated and 

thereby approximately two-thirds of the reactions were assumed to be irreversible. Besides 

the reversibility, more decisions had been taken during the network reconstruction, namely 

if certain reaction should be part of the network or not, although no corresponding 

confirmed association with a gene-sequence is available [18]. 

 Besides metabolic reactions, the definition of biomass synthesis reaction is a critical 

part of the model. Assuming a general biomass composition for yeast, the biomass 

formation was included as a drain of precursors or building blocks from the available 

metabolites. Even though the biomass composition changes under different physiological 

conditions, it may be assumed constant, as it has been demonstrated that a change in 
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biomass composition merely changes the simulation results for certain tasks [18]. Appendix 

C shows the biomass composition considered in this metabolic network. 

 Additionally, information on the growth-associated ATP requirements (maintenance 

of membrane potentials, turn-over of macromolecules, etc.) and on the ATP cost that for 

polymerization of amino acids and nucleotides was taken into account. The polymerization 

cost was assumed to be 23.92 mmole ATP/g DW, calculated by Verduyn et al. (1991) [46] 

and the growth-associated ATP maintenance was found to be 35.36 mmole ATP/g DW [18]. 

Thus, the sum of both contributions is 59.28 mmole ATP/g DW, which was included in the 

stoichiometric model. The ATP cost for synthesis of building blocks, which could be derived 

directly from the model, was found to be 9.89 mmole ATP/g DW and, thus, the total ATP 

cost requirement for biomass growth was estimated to be 69.2 mmole ATP/g DW. This value 

agrees with the experimentally measured values by Verduyn et al. in 1991 [18, 46]. 

The general characteristics of the metabolic network reconstructed by Froster et al. 

(2003) are presented on Table 4-1, inclusively number of ORFs, number of metabolites and 

reactions.  The total number of genes included in the reconstructed network corresponds to 

~16 % of all characterized ORFs. A total of 140 reactions were included on the basis of 

biochemical evidence or physiological considerations, but with no annotated ORF. The great 

majority of these reactions are transport reactions across the cytoplasmic or mitochondrial 

membranes. 

 

Table 4-1: Network characteristics of the reconstructed metabolic network of Saccharomyces 
cerevisiae (Forster et al., 2003) [18]. 

ORFs   708 

Metabolites   584 

Cytosolic metabolites  559  

Mitochondrial metabolites  164  

Extracellular metabolites  121  

Reactions   1175 

Cytosolic reactions  702  

Mitochondrial reactions  124  

Exchange fluxes  349  

Cytosolic exchange fluxes 287   

Mitochondrial exchange fluxes 62   

Reactions with ORF assignments   1035 

Reactions based on biochemical evidence or physiological 
considerations 

  150 

 

It is important to refer here that a total of 184 metabolites were found not to be 

connected to the overall metabolic network, showing that reactions linking these 

metabolites to the overall metabolic network have not been identified, or that some of the 

proteins may have been assigned wrong functions in the annotation process, or S. cerevisiae 
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has lost some of its metabolic functions during evolution. This result obtained by Forster et 

al. (2003) shows that the information on the metabolic network is currently incomplete and 

considerable work still needs to be done to improve this model [18]. The reconstructed 

metabolic network is available in Appendix C. For detailed information on this subject, the 

references Forster, 2002 and Forster et al., 2003 are recommended [17, 18]. 

Since this project aims at heterologous production of a peptide, it is necessary to 

add the reactions needed to synthesize the referred peptide to the metabolic network 

before performing the simulations.  After this in silico synthesis step, the new S. cerevisiae 

strain that was obtained in the laboratory is reproduced by this updated metabolic network. 

 The metabolic network can be conceptually seen as been organized in several parts 

(Table 4-2). In order to allow a convenient and intuitive understanding of the identified 

metabolic engineering targets and corresponding flux changes, each part of the metabolism 

was assigned with a unique color. 

 

Table 4-2: Organization of the overall metabolic network and assigned colours. 

Part of the overall metabolic network Assigned color 

Central carbon metabolism   

Energy metabolism   

Lipid metabolism   

Nucleotides metabolism   

Amino acids metabolism   

Metabolism of complex carbohydrates   

Metabolism of complex lipids   

Metabolism of cofactors, vitamins and other substances   

Membranes transport   

Artificial reactions   

 

4.2. OPTGENE 

 

The algorithm used in this project to find a rational knockout strategy to in silico 

optimization of the production of the peptide of interest in S. cerevisiae is called OptGene 

and was developed by Patil et al., 2005. This model applies evolutionary programming to 

rapidly identify gene deletion strategies aiming at the optimization of a desired phenotypic 

objective function [36]. OptGene is conceptually derived from the related algorithm called 

OptKnock. 

 OptKnock represents one of the first rational modelling frameworks suggesting gene 

knockouts leading to the overproduction of a desired metabolite and was developed by 

Burgard et al. (2003) [6]. OptKnock searches for a set of gene (reaction) deletions that 

maximizes the flux towards a desired product, while the internal flux distribution is still 

operated such that growth is optimized. Within this approach, the identified gene deletion 
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will force the microorganism to produce the desired product in order to achieve maximal 

growth [6, 36]. Thus, this framework was developed to identify multiple gene deletion 

combinations that couple cellular growth objectives with the desired product formation 

(Figure 4-1). This multilayer optimization structure involving two competing optimal 

strategies is referred as a bi-level optimization problem and it was formulated using mixed 

integer linear programming - MILP [6]. 

 

 

Figure 4-1: The bi-level optimization structure of OptKnock (Burgard et al., 2003) [6]. 

 

OptGene constitutes an extension of Optnock by formulating the in silico design 

problem as a Genetic Algorithm (GA) optimization. Genetic Algorithms use the principle of 

Darwinian evolution to search (evolve through mutations and reproduction) for identifying 

the global optimal solution – that is, individual with a maximum fitness score. 

Within OptGene, each reaction in the metabolic model is associated with one or 

more genes in the genome and the metabolic genotype is defined by representing the 

absence/presence of one gene using a binary system (0/1). Thus, a set of these variables 

forms an “individual” representing a particular mutant lacking some metabolic reactions. 

The phenotype of this mutant is obtained by using FBA or, alternatively, MOMA or ROOM. 

The problem then is to find the group of genes to be deleted to obtain the desired 

phenotype [36]. The metabolic genotype is represented in Figure 4-2. Each gene of the 

microorganism is assigned a binary value, representing its absence/presence in the mutant 

(A). The individual genes are associated with one or more reactions in the metabolic 

network (B). When a given reaction is in the absent status, the upper and lower bounds are 

set to zero, resulting in a modified metabolic model (C) [36]. 
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Figure 4-2: Representation of the metabolic genotype (Patil et al., 2005) [36]. 

 

The Optgene algorithm is schematically presented in Figure 4-3 as a sequence of 

five steps [36]: 

 

1. Initialization of population: the GA starts by setting a number of individuals, forming 

the initial population. The metabolic genotype of the initial population is defined by 

assigning the presence/absence status of each gene (here, reaction) randomly. The size 

of the population is one of the GA parameters that need to be defined. Patil and 

coworkers [36] concluded, for the metabolic network in question, that the population 

size beyond 125 individuals does not improve the results significantly. 

2. Scoring fitness of individuals: Each individual is assigned a fitness score that 

determines whether it will propagate and/or reproduce to the next generation. The 

fitness score of an individual is calculated by using the desired objective function value, 

which is calculated by FBA or an analogous algorithm. 

3. New population or termination: The next step is the evaluation of the stopping 

criteria. If the stopping criteria (e.g. a mutant with more than a set amount of yield) 

are satisfied, the simulation will be finished and the mutant with the best fitness score 

in the population will be assumed as the final result. If, on the other hand, the stopping 

criteria are not satisfied yet, the algorithm will proceed by crossing over and mutating 

the population (unless the stopping criterion is the number of generations). Afterwards, 

the resulting population will be scored again and evaluated, completing a new round 

(generation). 

4. Crossover of individuals (chromosomes): After the fitness score is calculated for all 

individuals in the populations, if the evaluation step “decision” is to proceed, the best 

individuals are selected for crossover. The most common selection scheme is the 
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Roulette wheel, where individuals are selected based on the magnitude of the fitness 

score relative to the rest of the populations. The higher the score, more likely an 

individual will be selected. Selected individuals are then crossed to produce a new 

offspring. 

5. Mutation: Individuals propagating to the new population are mutated – gene deletion or 

restoration of already deleted gene in this case – with a given probability. Once more, 

the mutation rate is another parameter to be decided. A mutation rate of 1/(genome 

size) was found to be optimal by Patil et al., (2005) [36]. At this point, a new 

population is generated and is ready to be scored again. 
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Figure 4-3: Schematic overview of the Optgene algorithm (Patil et al., 2005) [36] 

The stop criteria used in this project is the number of generations allowed for each 

simulation, which means that it is the number of times that one round in the algorithm is 

accomplished. The generally assumed GA parameters in the simulations carried out in this 

project are presented in Table 4-3. 
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Table 4-3: Genetic algorithm parameters used in the simulations to optimize peptide production in 
silico. 

GA parameters 

number of generations 2000 

initial population 200 

crossover probability 0.95 

mutation rate 0.25 

 

In the approach taken for this project, FBA is used to maximize peptide production 

applying the bi-level optimization problem used in OtpKnock. Similarly to OptKnock, 

OptGene will predict the best set of a determined number of gene deletions in the given 

model that maximizes a given objective function. Each simulation will provide not only the 

genes to be deleted, but also the phenotype of the optimized mutant. The phenotype 

consists in the fluxes of the whole metabolic network considered, where the flux units are 

reported in mmol/(gDW.h) and the biomass formation is expressed in gDW/(gDW.h), or 

simply h-1. Also here some inputs are required to solve the flux distribution; the number of 

deletions, a stoichiometric matrix, a set of constraints limiting each flux, the inner 

objective function - cellular objective (biomass flux maximization) and the design objective 

function – desired metabolite maximization. The set of constraints will define the upper 

and lower maximum value that each flux can assume (vj
max and vj

min), thus it will also 

determine whether a reaction is reversible, irreversible or deleted. If a reaction is 

reversible and unconstrained, upper and lower limits are set to infinity, and the flux can 

assume any value. If a reaction is irreversible the lower limit of the flux is zero. If a 

reaction is deleted, both bounds are then set to zero.  

Flux constraints (or bounds) 
max

jj

min

j vvv ≤≤  Equation 4-1 

Reversible reactions ℜ∈max

j

min

j v,v  Equation 4-2 

Irreversible reactions 
ℜ∈

=

max

j

min

j

v

v 0

 Equation 4-3 

Deleted reactions 
0

0

=

=

max

j

min

j

v

v
 Equation 4-4 

 

There are two major advantages of the Optgene formulation comparing to the 

OptKnock; the first advantage is that the Optgene formulation demands relatively less 

computational time and thus it enables solving of larger problems. This is a critical issue, as 

the relationship between the size of the problem (as defined by the number of reaction and 

the number of deletions desired) and the corresponding search space is combinatorial. 

Thus, for example, the number of possible combinations of 5 reaction-deletions in a model 

with 250 reactions is C5
250, which means higher than 7 x 109. This may become absolutely 
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incomputable if the size of the network or the number of deletions goes up, which 

constitutes a very big obstacle for using genome-scale modes, since the number of reaction 

tends to be high (1175 in this project). The second advantage is that OptGene allows the 

optimization of nonlinear objective functions, which is of a considerable interest in several 

problems of commercial benefic [36]. 

Contrarily to OptKnock, OptGene does not exhaustively search the complete 

solution space. To guarantee that the optimal solution is actually found, it is crucial to 

avoid local optimal solutions by proper formulation of the problem. Thus, the model is 

preprocessed in order to remove duplicate reactions and dead-end reactions. Furthermore, 

a linear pathway is represented as a single reaction. Moreover, lethal reactions in vivo and 

in silico were not included in the possible targets for deletion. With this preprocessing, the 

search space is filtered/reduced and thereby chances of finding only local optimal solutions 

are avoided. 

 In this project, Optgene was applied to the S. cerevisiae genome-scale model in 

order to identify gene-deletion strategies for improving the yield and substrate-specific 

productivity of a petide of pharmaceutical interest. The yield of a metabolite is defined as 

the grams of product produced per unit gram of substrate consumed, while the substrate-

specific productivity is defined as the grams of product produced per unit time per unit 

substrate consumed. Note that the models based only on stoichiometry cannot predict rates 

without an assumption of a fixed substrate uptake rate. Since the substrate uptake rates for 

deletion mutants may change and is very difficult to predict a priori, in general it is very 

difficult to optimize productivity by using stoichiometric models. So, a possible alternative 

to go around this restriction is to optimize another variable which is named Biomass-

Product-Coupled-Yield (BPCY), which is calculated by Equation 4-5 [36].  

rateGrowthYieldoductPrBPCY ×=  Equation 4-5 

Although BPCY is numerically equal to productivity under the assumption of fixed 

substrate uptake rates, they are not conceptually the same. Actually, what here is 

considered to be growth rate under the assumption of fixed substrate uptake rate is more 

accurately defined as biomass yield (Patil et al., 2005) [36]. BPCY constitutes an interesting 

example of a non-linear objective function that can be optimized by using OptGene 

formulation. 

 Optgene was the tool used in this project to generate the results, while the analysis 

of the results was practically accomplished by using the EXCEL tool from Microsoft Office. 

When necessary, Bioopt was applied to help the analysis of the obtained results. Bioopt is a 

software application running on Windows command prompt. The program focuses on the 

flux balance analysis, using linear programming as the mathematical support. Given a 

biological system model, which includes a set of metabolic reactions, the program is able to 

calculate all internal mass balance fluxes, reduced costs and shadow prices depending on 

the constraints and the objective function defined by the user. 
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4.3. RESULTS AND DISCUSSION 

4.3.1. Optimization of peptide production in S. cerevisiae 

The in silico optimization of peptide production was attempted by simulating the 

flux distribution and through the selection of the desired phenotypes (set of deletions) with 

Optgene. Before performing the predictive simulations, the maximum theoretical yield of 

biomass (or growth rate) and peptide was estimated by using FBA. The maximum 

theoretical product yield is obtained for a unit uptake rate of substrate by maximizing the 

sum of all reaction fluxes producing minus those consuming the target metabolite, weighted 

by the stoichiometric coefficients. As mentioned above, FBA estimates the flux distribution 

by linear programming, given a certain objective. To study the relationship between the 

growth rate and the product yield, the biomass formation constraints were gradually set to 

different values from zero to the maximum theoretical value, and the peptide production 

flux was maximized. The result of this analysis is presented in Figure 4-4. Notice that a 

certain metabolite yield in a given substrate is obtained by dividing the metabolite flux by 

the substrate uptake rate (3 mmol glucose/(gDW.h)). To estimate the BCPY, the product 

yield must be multiplied by the growth rate. 
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Figure 4-4: Maximum theoretical values of peptide yield and productivity in S. cerevisiae. Note that 
the values presented on this figure are not real. 

 

When the growth rate is fixed to its maximum value there is no production of the 

desired peptide. On the other hand, when the peptide production is maximized, the 

biomass growth is zero. Thus, it is stoichiometrically impossible for the cell to grow and 

produce the peptide at the maximum rate. This implies that there is a direct competition 

between biomass formation and product formation. Consequently it is necessary to obtain a 

solution that strikes the correct balance between these two competing variables. It is 

usually the economics of the process and the possible difficulties in obtaining the predicted 

mutant that determines such point of balance. Thus, as already mentioned, both yield and 
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productivity are important decision variables. Corresponding metabolic engineering 

strategies are often different for these two different objectives. So, the maximum 

theoretical productivity (numerical equal to BPCY) was also estimated by multiplying the 

growth rate for the product yield. As it was expected, if the product yield is linearly 

correlated with the growth rate, the productivity curve will have a parabolic shape. 

Moreover, if the two multiplied variables (product yield and growth rate) have opposite 

evolutions - when the growth rate is increasing, the product yield is decreasing – the 

resulting productivity curve will have a maximum value. Note that the values were obtained 

based on an assumption of a fixed substrate uptake rate, which may change depending on 

the conditions. Thus, all the remaining calculations will be presented in this work should be 

treated as relative values to the maximum theoretical product yield and BPCY. 

The maximum theoretical yield and productivity of peptide were calculated based on the 

stoichiometric model, however it is difficult to predict a priori how many deletions would 

be necessary to achieve these values (no algorithms have reported such methodology to 

date). Thus, to optimize the peptide yield and productivity, the OptGene was applied to 

find the best set of 3, 4, 5, 6, 7 and 10 deletions. Note that optimization of yield or 

productivity are two different objectives with two different criteria of fitness evaluation, 

which means that two different “model formats” are necessary to optimize these two 

variables. Moreover, the new mutants with new phenotypes suggested by OptGene, will be 

evaluated depending on three relevant parameters: Productyield/Productyield,max, 

BPCY/BPCYmax and µ/µmax – performance parameters. Each simulation was repeated 

between 5 to 10 times and several mutants were generated.  

OptGene suggested large number of strategies that will probably lead to the optimal 

peptide production. However, besides the objective function, there are more important 

variables to evaluate in order to select possible candidate (/s) for carrying out the further 

laboratory work. The importance of the growth rate was already mentioned and, in fact, 

the mutants resulting from BPCY optimization generally show much better growth rate. 

Definitely, the number of deletions is a very important issue as well, since the mutants will 

probably loose robustness and growth performance with the high number of deletions. 

Moreover, the cell behavior will become more difficult to predict with the higher number of 

deletions, which may lead to poor model predictions. Thus, in order to have a general 

overview on the obtained phenotypes, the performance parameters were compared for the 

mutants with different number of deletions for both approaches, namely optimization of 

yield and BPCY. Figure 4-5 represents the comparison of the performance parameters for 

the best phenotypes obtained for yield optimization. Notice that in this case, “best 

phenotypes” means the phenotypes leading to the higher objective function – yield 

(/BPCY). 
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Figure 4-5: Performance parameters of the obtained mutants for yield optimization with 3, 4, 5, 6, 7 
and 10 deletions. 

 

With 3 deletions, the suggested strategy by OptGene gives already an improvement 

of yield reaching 20 % of the theoretical maximum, while the growth rate is only ~12 % of 

the maximum. With 4 deletions the product yield is improved almost up to 50 % of the 

theoretical maximum and more deletions (up to 10) do not raise this value. Indeed, above 4 

deletions all the obtained phenotypes showed very similar performance parameters (Figure 

4-5). Although the product yield appears to be satisfactorily increased, the predicted 

growth rate of the mutants is very low and, most probably these mutants will not grow in 

vivo. Obviously, the productivity of these mutants is also very low, due to the reduced 

growth rate. 

 The performance parameters of the best phenotypes obtained for BPCY 

(productivity) optimization with 3, 4, 5, 6, 7 and 10 deletions are presented in Figure 4-6. 
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Figure 4-6: Performance parameters of the obtained mutants for BPCY optimization with 3, 4, 5, 6, 7 
and 10 deletions. 

 

A general overview on all the mutants of Figure 4-6 shows much better growth rates 

comparing with the mutants of product yield optimization, as was expected. Besides better 

growth rate, the product yields of these mutants are also satisfactory (< 40 % of the 

theoretical maximum yield), although not so high as the yield optimization mutants. 
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Concerning BPCY, the objective function under consideration here, mutants with 5-10 

deletions showed a very similar and attractive BPCY, > 60 % of the theoretical maximum of 

BPCY. Generally, the phenotypes resulting from BPCY optimization are much more 

promising than the mutants resulting from the yield optimization due to the better growth 

performance. Thus, some mutants suggested in Figure 4-6 were carefully analyzed to 

proceed with a good mutant selection, namely the mutants with lower number of deletions 

– 3 or 4. 

A three deletions mutant was selected to proceed for further work. In order to 

better understand the impact of the suggested gene deletions on the metabolic network and 

how it will affect the peptide flux, the flux distribution within the overall metabolic network 

of the mutant was compared with the flux distribution of the wild type.  The flux distribution 

of both mutants was obtained with Biootp or OptGene, and the idea was compare all the 

fluxes of the metabolic network one-by-one. The first try to compare the fluxes was by 

directly calculating the absolute difference between the mutant flux and the wild type. 

However, the results of this strategy were inconclusive, due to the big range of possible flux 

values. Thus, the mutant and the wild type were basically compared using the absolute 

difference between the mutant flux and the wild type normalized with the wild type flux 

(WT) (Equation 4-6). 

WT

WTmut

nflux

nfluxnflux
diffNormalized

−
=  Equation 4-6 

Although the results obtained within this analysis strategy were easier understand 

and interpret, some inconsistencies remained on the results, blocking a reliable analysis. 

Actually, if the flux n in WT is zero, but it is different of zero in the mutant, the normalized 

difference will assume a very big value without physical meaning (Equation 4-6). To avoid this 

type of inconsistencies, it was assumed an Off-On switch for these reactions. Furthermore, 

the silenced reactions (normalized diff = -1) were also labeled as On-Off reactions, as well 

as the inverted fluxes were labeled depending on the direction of the reaction in the wild 

type. The “labels” were no more than numbers (represented on Table 4-4) that made 

possible the representation of the whole network in a plot, showing the most affected 

fluxes and the type of the “affection”. The fluxes highly increased (normalized diff > 25) 

were also labeled with a smaller number to make their representation possible on the same 

plot. 

Table 4-4: Labels of the normalized differences between the fluxes of the mutant and the wild type 
used to plot the overall metabolic network. 

Description Value 

Off-On - turned on fluxes 20 

On-Off - silenced reactions -10 

Highly increased fluxes 25 

Inverted - Negative in WT 22.5 

Inverted - Positive in WT -7.5 
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Additionally, each reaction of the phenotype was assigned with a number and the 

normalized differences were plotted in a graph: reaction number versus normalized 

difference or the corresponding label (Figure 4-7). 
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Figure 4-7: Graphic representation of the normalized differences between the fluxes of the 3 
deletions selected mutant and the wild type of whole metabolic network. 

 

 Figure 4-7 constitutes a possible way to represent the comparison of the phenotype 

of a mutant and the wild type in terms of whole relevant metabolic reactions. Indeed, 

much information about the mutant and the predicted changes in the metabolme can be 

extracted from Figure 4-7. Since the reactions on the plot were already assigned with the 

corresponding colour, the connection of each reaction with the corresponding part of the 

metabolism is immediate. Thus, Figure 4-7 enables to conclude that the main changes on 

the phenotype of this mutant will be, most probably, on the central carbon and amino acids 

metabolisms.  

4.3.2. Improved predictions by using a modified metabolic network 

Plotting the normalized differences enabled the immediate detection of most 

affected fluxes of the whole metabolic network. Furthermore, it was found that the main 

metabolic differences between the mutants, but also mostly of the phenotypes with 3, 4 and 

5 deletions obtained with OptGene (data not shown), are in the central carbon and amino 

acids metabolisms. Thus, a map containing the central carbon and amino acids metabolisms 
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was constructed as a possible way to get as much information as possible from the plot. These 

maps showed to be very useful helping to interpret the results (omitted results), but they also 

allowed the improvement of the metabolic network itself. The representation of the network 

in a more “friendly” way for people eyes than just chemical equations allowed to realise that 

some parts of the reconstructed network could be improved: 

� The first part of lysine biosynthesis occurs in a cellular compartment that it is considered 

to be the mitochondria in the model. However this is a controversy question, once there 

are some authors considering that the first part of this biosynthetic pathway is in the 

mitochondria, but there are also authors considering that it is in the peroxisomes [5, 51]. 

Since that in the reconstructed metabolic network there are no more cellular 

compartments but mitochondria, the lysine pathway was not modified in the model, 

which means that the first part of the pathway still occurring in the mitochondria; 

� In the reaction LYS2, also in L-lisine biosynthetic pathway, either NADPH or NADH can be 

used to reduce L-aminoadipate to L-aminoadipate semialdehyde. However, recent 

publications suggest that this enzyme can only use NADPH as reducing agent [51]. Thus, 

the reaction LYS2 was modified in the model allowing only NADPH as reducing agent. 

� The reaction GLY1 is considered to convert glycine in L-threonine in the model. Also here 

recent publications suggest that this reaction is actually on the other way around, 

converting L-threonine in glycine [27]. Furthermore, previous work in BioCentrum-DTU 

laboratories had experimentally confirmed this suggestion, thus the reactions was 

inverted in the reconstructed network. 

� The last modification in the model is related with L-cysteine biosynthesism. In S. 

cerevisiae this amino acid is probably synthesized exclusively via CT-pathway. The 

reconstructed model assumes that L-cysteine is synthesized via OAS-pathway. Although 

this suggestion was not tested in BioCentrum-DTU laboratories, the model was modified: 

the flux constraints of the reactions converting L-serine in L-cysteine via O-acetyl-serine 

were set to zero (U48 and YGR012W) and the reaction converting L-serine in L-cysteine 

via L-cystathionine was added to the model (CYS3). This reaction is producing L-cysteine, 

but also 2-Oxobutanoate, which had to be “artificially” excreted to avoid “accumulation” 

implying no cellular growing. This molecule is another example of a non-balanced 

compound in the model. Search for additional literature on this compound reacting as a 

substrate, product or being accumulated or transported through the membranes, would 

be an advantage, improving the model and the model predictions. 

 

After implementation of the mentioned modifications, first one-by-one and then all 

together, the theoretical maximum of peptide yield was re-calculated. It was found that 

the alterations did not affected the theoretical maximum significantly. The profile obtained 

for the theoretical maximum is very similar to the profile obtained before (Figure 4-4). 
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OptGene was applied again to find deletion strategies (3-10 deletions) to improve 

the peptide of interest yield and BPCY and several phenotypes were suggested. It was found 

that not product yield improvement is obtained up to 4 deletions. With 5 deletions the yield 

reach 50% of the theoretical maximum and more deletions do not raise this value. Once 

more, with analogy to the previous simulations (Figure 4-5) it was revivified that yield 

optimization leads to mutants with very poor growth performance. For BPCY optimization, 

no improvement was obtained with 3 deletions, but mutants with 4 deletions had a BPCY up 

to 30 % of the theoretical maximum and yield of 10 % of the theoretical maximum. More 

than 5 deletions do not increase the yield (20 % of the theoretical maximum) but growth 

performance was variable (Figure 4-8). 
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Figure 4-8: Performance parameters of the obtained mutants for BPCY optimization with 3, 4, 5, 6 
and 10 deletions with the modified metabolic network. 

4.3.3. Cost-Profit analysis for proteins/enzymes overxpression 

From the network analysis of the predicted mutants previously realized on this 

chapter, one may see that some fluxes may suffer great changes after genetic 

manipulation. The feasibility of achieving such large changes in vivo is not obvious and 

thereby deserves special attention. A great increase of a flux is a complex phenomenon as 

it depends on several factors, viz., enzyme levels, reactant and product concentrations, 

inhibitor/activator concentrations. Enzyme levels, e.g., in turn depend on the regulation at 

transcription, translational and post-translational level. Metabolite concentrations are not 

only governed by the thermodynamics and kinetics of the reaction under question, but also 

all of the reactions that it is connected to in the network. It may be unknown if one 

reaction is being limited, for example, by metabolite concentration or enzyme 

concentration or activity. Assuming that one reaction is being limited by enzyme 

concentration, increasing the reaction flux, will necessitate increasing in the enzyme 

concentration. In the model used in this study, enzymes are considered to be part of the 

biomass composition as proteins, implying that the biomass composition of the mutants 

needs to be different relative to the wild type. Moreover, high increase of a certain protein 



In silico optimization of peptide production in S. cerevisiae - OptGene 

 

Metabolic engineering of heterologous peptide production in S. cerevisiae 

 

54 

concentration may not be achievable and may seriously affect the cell viability or growth 

performance. These and other additional “infeasible” constraints may be implemented in 

this stoichiometric model by modifying the affected flux constraints, enabling the 

attainment of more biologically relevant predictions. Elaborating a cost-profit analysis 

relating the expression level of certain protein with the cellular objective function would 

be very useful to improve the flux constraints. There are many approaches to carry out this 

cost-profit analysis, one of them is proposed from Derek E and Alon U (2005) [8] “Optimality 

and evolutionary tuning of the expression level of a protein”. The study is in line with the 

cellular optimality hypothesis; it is shown that the expression level of a protein is optimized 

in order to impart better growth rates. This result can be seen as an OptKnock-compatible 

hypothesis at individual protein level. Thus if a benefit of over-expression of a certain 

protein can be predicted by using FBA and its production cost as the stoichiometric cost of 

synthesizing it from amino acids, it is possible to add additional constraints in the OptGene 

formulation. 

As a first step in developing this idea, the impact of change in the protein content 

on the growth and production capacity of the yeast was tested in silico. Similarly, the lipid 

content was changed too and the results are presented on Figure 4-9. 

 

 

Figure 4-9: In silico impact of changing the protein (right) or lipid (left) content on the growth and 
peptide production capacity of yeast. 

 

The protein content was increased by 5 and 10 %, while the lipid content was 

duplicated and triplicated. Since the biomass composition is mostly protein, it was already 

expected that increasing the protein content would affect more the maximum yield and 

BPCY than the lipid content modification. The analysis of Figure 4-9 shows that until 10 % of 

protein increase, the performance parameters of the mutants will not suffer great 

decrease. The concept of cost-profit analysis needs further development at individual 

protein level and results presented here should serve only as guide-lines. 
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Along this entire chapter, different deletion strategies were found by OptGene to 

improve petide production by S. cerevisiae. Furthermore, one possible method to carefully 

analyze the output of OptGene results was established here. Indeed, how to analyze and 

extract all the relevant information from a “pos-genomic tool” as OptGene is always a hard 

task. The phenotype discussed with more detail along this study was obtained with OptGene 

using FBA maximizing growth and peptide production. The reasons leading to the selection 

of this strategy as good candidate to proceed with mutant construction throw gene deletion 

were mentioned above, but its growing performance coupled with peptide production 

improvement were decisive. The flux distribution predicted for this mutant was analysed and, 

as it was already expected, the main changes in the metabolic network relatively to the wild 

type belong to the amino acids and central carbon metabolisms. Although some changes in 

the network were object of special attention, other important issues might not be noted 

here, even the interpretation of the metabolic changes of this phenotype constitutes no more 

than possibilities. The implementation of this strategy could, definitely, bring much 

information capable to be compared with the predictions. However, the implementation of a 

mutant like the one suggested before could be very difficult, due to the important pathways 

being directly affected. Instead of completely delete the “reactions” suggested by OptGene, 

these reactions could be, in first approach, attenuated. This attenuation could be achieved 

by downregulation of the expression of the target gene, for example, by changing its 

promoter. Alternatively, if there are many isoenzymes possibly catalysing the same reaction, 

the flux of this reaction can be reduced by deletion of one gene encoding just for one 

isoenzyme. After a softer approach for the suggested strategy implementation, more reliable 

conclusions about the viability and producing capacity of this mutant could be taken. 
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5. CONCLUSIONS AND FUTURE PERSPECTIVES 

The study reported in this thesis aimed at the improvement of heterologous 

production of a peptide of pharmaceutical interest in S. cerevisiae. The strains were 

previously constructed at BioCentrum-DTU laboratories and were also verified to express the 

necessary heterologous genes geneB and geneA. Both, inducible - GAL7 and GAL10 – and 

constitutive – ADH1 and TEF1 – promoters were used to construct two different groups of 

strains. During this project, the producing capacity of these strains was tested in different 

media with galactose or glucose, as main carbon source. Peptide quantification was carried 

out by LC-MS technology. The strains containing the genes under control of the GAL7/GAL10 

promoters had shown low producing capacity and any peptide production was detected for 

the strains with constitutive promoters. During these experiments different organic solvents 

- acetonitrile, methanol, ethanol, acetone and isopropanol - were tested for the recovery 

process of the peptide. Although all the mentioned solvents showed very similar results for 

the recovery process, it was found that acetonitrile is not indicated to long term storage of 

the samples because it seems to favour bis-peptide formation. On the other hand, methanol 

was also tested as a long term storage solvent, and the results were much more suitable, 

showing less bis-peptide formation. 

The strain showing the best producing capacity was used to test the effect of 

precursor supplementation, by direct addition of the amino acids to the culture media. 

Different media were test and no peptide production was detected. During the first two set 

of experiments, the strains containing the genes under control of GAL7/GAL10 promoters 

showed progressive loss of producing and growing capacities. Indeed, they were unable to 

grow with galactose as sole carbon source from the beginning and few amount of glucose 

needed to be added to induce growth. Thus, to avoid the glucose initial supplementation, a 

two-step adaptation test to galactose as sole carbon source was carried out. Unfortunately, 

also here, peptide production was not verified, which suggests that different kind of 

approaches could be tried to find a solution for this problem. Further work at the protein 

level, namely performing immunoassays to detect both enzymes, codon optimization, fusion 

of the enzymes with GFP or test PPTases from different microorganisms are just some ideas 

that could help to find out what can be done to produce peptide in S. cerevisiae. 

The goal of the second part of this study was to find a metabolic engineering 

strategy suggesting a set of gene knockouts leading to improvement of peptide of interest 

production in yeast. Assuming a S. cerevisiae strain which already has the peptide 

biosynthetic pathway, a genome-scale stoichiometric model – OptGene - was used to find 

the mentioned strategy. OptGene applies to a genetic algorithm to find the best phenotype, 

according to a given objective function – peptide flux maximization. The approach taken in 

this study to obtain the flux distribution within the metabolic network was Flux Balance 

Analysis – FBA. Several phenotypes were generated and different gene deletion strategies 

were suggested to maximize two different objectives: peptde yield or Biomass Product 
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Coupled Yield (BPCY). Generally, the phenotypes obtained for yield maximization showed 

very poor growth performance, due to the total drain of cellular resources to peptide 

production. On the other hand, maximization of BPCY showed very promising mutants, with 

attractive prediction for growth rate and peptide yield. Most genes suggested for deletion 

belong to the central carbon and amino acids metabolisms and these were also predicted to 

be the most affected parts of the metabolic network. 

The flux distribution of phenotypes resulting from the OptGene simulations 

constitutes a huge challenge. An original method to analyse these phenotypes was proposed 

here, based on the comparison between the new mutant and the wild type, the reference. 

Within this method, each mutant can be plotted and the most affected reaction in the 

metabolic network can be immediately detected. This tool was very useful in this study and 

provided already the opportunity, not only to analyse the flux distribution of the mutants, 

but also to detect some parts of the metabolic network that could be improved. Based in 

these observations, few modifications were made in the metabolic network and new, and 

probably better, predictions were generated. The energy sources of the cell were also 

taken into account in the last part of this project, since to overproduce a peptide, the 

building block amino acids must be drained from the normal metabolism – growth. Although 

no significant effects are detected on the cell properties after 10 % increase the overall 

protein cellular content, a detailed cost-profit analysis to the most affected enzymes in the 

network is suggested. 

The results obtained along this study to optimize in silico peptide production by 

yeast were very promising. Actually, more that one strategy capable to improve peptide 

production in yeast was found through OptGene. However one must be aware that there are 

some limitations inherent to the use of a stoichiometric model. The assumption of steady 

state for the metabolic network and the lack of other kind of regulation but metabolic, 

constitute two delicate subjects. Furthermore, to predict the flux distribution of mutants 

with three deletions (minimal number of deletions with positive results in this work) is a 

difficult task, due to the natural unpredictability of the cell behaviour after genetic 

manipulation. The permanent existence of unbalanced metabolites, which is inevitable due 

to the incomplete knowledge of the metabolic network, will be always an investigation field, 

since it is necessary to keep the model and the metabolic network always updated. The co-

factors mesh is another delicate topic, since it is very difficult to reproduce in silico, due to 

its complexity. Evolution in stoichiometric models provided by advances in biotechnology will 

be valuable, enabling the improvement of model predictions and intensifying the 

stoichiometric models as strong metabolic engineering tools [7, 25, 31, 37]. 

Along this entire project, basic ideas about the principles of metabolic engineering 

have been given, as well as some examples and how it may be useful to achieve the 

objective of this project. Notwithstanding the fact that much work has been developed in 

metabolic engineering, much more work needs to be done to explore the potential of this 

emergent field. In the future, the rapid developments in genomics and functional genomics 
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will lead to the discovery of many new signal transduction pathways and new transcription 

factors. These may be very attractive targets for metabolic engineering, since in many 

cases modulating transcription factors is more successful than over-expressing individual 

structural genes because in this way a balanced up-regulation of a complete pathway may 

be obtained. Furthermore, new biosynthetic pathways may be constructed or identified in a 

certain organism, which may lead to new natural products to be used in different fields. 

The continuous evolution in transcriptomics, proteomics, and fluxomics providing great 

enhancement in the analysis step of the metabolic engineering cycle will also be very 

helpful to develop metabolic engineering [31]. 
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Appendix A - Stock solutions 

 

 

 

 

Table A1: Composition of trace metal and vitamin solutions. 

Trace metal solution Vitamin solution 

Compound Concentration (g/l) Compound Concentration (g/l) 

Na2EDTA 15 Biotin 0.05 

ZnSO4.7H2O 4.5 Ca-pantothenate 1.0 

MnCl2.2H2O 0.84 Nicotinic acid 1.0 

CoCl2.6H2O 0.3 Thiamine-HCl 1.0 

CuSO4.5H2O 0.3 Pyridoxine-HCl 1.0 

Na2MoO4.2H2O 0.4 p-aminobenzoic acid 0.2 

CaCl2.2H2O 4.5   

FeSO4.7H2O 3.0   

H3BO3 1.0   

KI 0.1   
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Appendix B – Solvent test results: LC-MS chromatograms 

 

 

 

 

Figure B1: LC-MS chromatograms of the solvent test results. E means ethanol, Ac means acetone and 
I means isopropanol. 1 means blank, 2 means peptide standard and 3 means peptide 20 µg/ml plus 

pESC-URA-4 cell extract. 

 

E1 

E2 

E3 

Ac1 

Ac2 

Ac3 

I1 

I2 

I3 



Appendixes 

 

Metabolic engineering of heterologous peptide production in S. cerevisiae 

 

xxxviii 

Appendix C - Reconstructed metabolic network and biomass composition 

 

Table C1: Biomass composition (Forster et al., 2003) [18]. 

Metabolite mmole/g DW Metabolite mmole/g DW 

Amino acids  Carbohydrates  

Alanine 0.459 Glycogen 0.519 

Arginine 0.161 Trehalose 0.023 

Asparagine 0.102 Mannan 0.808 

Aspartate 0.298 Other carbohydrates 1.135 

Cysteine 0.007 Ribonucleotides  

Glutamine 0.105 AMP 0.046 

Glutamate 0.302 GMP 0.046 

Glycine 0.290 CMP 0.045 

Histidine 0.066 UMP 0.060 

Isoleucine 0.193 Deoxyribonucleotides  

Leucine 0.296 dAMP  0.004 

Lysine 0.286 dCMP 0.002 

Methionine 0.051 dTMP 0.004 

Phenylalanine 0.134 dGMP 0.002 

Proline 0.165 
Lipids, Sterols, Phospholipids and 
Fatty acids 

 

Serine 0.185 Triacylglycerol 0.007 

Threonine 0.191 Ergosterol 0.001 

Tryptophane 0.028 Zymosterol  0.002 

Tyrosine 0.102 Phosphatidate 0.001 

Valine 0.265 Phosphatidylcholine 0.006 

  Phosphatidylethanolamine 0.005 

  Phosphatidylinositol 0.005 

  Phosphatidylserine 0.002 

 

 

Table C2: Simplified reconstructed metabolic network 

 

Reference: Forster J. 2002. “Pathway analysis of the metabolic network of Saccharomyces 

cerevisiae [PhD Thesis]”. Technical University of Denmark. 
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Appendix E – Improved predictions – some results 
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Figure E1: Maximum theoretical values of peptide yield and productivity in S. cerevisiae.  
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Figure E2: Performance parameters of the obtained mutants for BPCY optimization with 3, 4, 5, 6 
and 10 deletions with the modified metabolic network. 
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Figure E3: Graphic representation of the normalized differences between the fluxes of a 5 deltions 
mutant and the wild type after network modifications. 
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