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Abstract 

The increasing knowledge about microbial metabolism and the recent advances in genetic 

engineering tools are enabling metabolic engineering of microorganisms for the 

sustainable production of industrially relevant compounds. Moreover, the reconstruction 

of genome-scale metabolic models (GSMMs) together with the use of computational tools 

have contributed to the rational design of microbial cell factories. However, despite all 

the advances and available technologies in the systems biology field, the development of 

economically viable cell factories is still a costly and time-consuming process, since efforts 

have to be developed for each new targeted product. Therefore, the development of 

chassis cells, i.e. pre-optimized strains for the overproduction of different compounds, as 

well as the improvement of model predictive accuracy are needed to accelerate the 

model-driven design of efficient cell factories. 

Overall, this thesis follows the design-build-test-learn cycle of the model-guided 

metabolic engineering workflow, focusing on the development of chassis strains of 

Saccharomyces cerevisiae optimized for the improved production of different industrially 

relevant organic acids with possible applications in the food, chemical and pharmaceutical 

industries, in addition to the study of genotype-phenotype associations using GSMMs. 

A conceptual framework for the design of chassis strains aimed at overproducing C4-

dicarboxylic acids, namely succinic, fumaric and malic acid, was developed. This strain 

design framework applies a metaheuristic approach to search for growth-coupled 

production designs, building upon the fact that these compounds are derived from the 

same metabolic precursors. Several chassis strains encompassing common and non-

intuitive gene deletions, and requiring minimal strain optimization additional steps 

towards the overproduction of the three organic acids, were generated based on a 

modular fashion and analyzed in terms of their biological feasibility against literature data. 

The most promising candidate solutions were further implemented in vivo and 

physiologically characterized in batch cultivations regarding growth and production rates, 

using high performance liquid chromatography (HPLC) and gas chromatography-mass 

spectrometry (GC-MS) quantification techniques. Although the final strains developed in 

this study would require additional rounds of metabolic engineering and bioprocess 
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development to achieve industrially relevant production levels, a proof of concept of the 

chassis cell for overproducing three different dicarboxylic acids has been established, to 

the best of our knowledge, for the first time. This work also demonstrates the potential 

of combining metabolic modeling with adaptive laboratory evolution in the design and 

optimization of yeast cell factories. After evolution, for example, the strains engineered 

to produce succinate showed a 6.1-fold improvement in the specific growth rate and a 

4.9-fold improvement in the succinate secretion rate when compared to the non-evolved 

counterpart, with a 38-fold increase in succinate titer and 17-fold increase in productivity 

in comparison to the wild-type strain. 

Despite the promising results, some discrepancies were observed between the 

experimentally obtained yields and the simulated ones, stressing the need for model 

improvements. Therefore, in order to improve and make the model validation process 

more transparent and robust, phenomenaly (PHENOtypic and MEtabolic Network Analysis 

at Large-scale of Yeast data) was developed. Phenomenaly is an open source Python 

package built around manually curated data sets of yeast mutant phenotypes available 

on Saccharomyces Genome Database (SGD), that enables the simulation and analysis of 

genotype-phenotype associations using GSMMs of yeast. This tool was further used to 

perform a thorough characterization of the observed inconsistencies, guiding the 

formulation of several hypotheses to address these failures, including a detailed revision 

of the in silico representation of the yeast biomass composition. The applied changes 

contributed to the discovery of missing or erroneously present metabolic functions in the 

yeast metabolic network and to broaden the network’s functionality and activity, i.e. the 

number of reactions carrying flux in the wild-type simulation as suggested by 

experimental evidences. Moreover, the model’s ability to correctly predict lethal and 

auxotroph-inducing genes was improved by over 18% and 25%, respectively. The 

questions raised and addressed in this part of the work are expected to contribute to more 

effectively engineer yeast as a cell factory through model-guided approaches. 

In summary, the work developed in this thesis shows that model-predicted modular 

design strategies can indeed help to accelerate metabolic engineering tasks, although 

genotype/phenotype predictions with yeast metabolic networks must be improved to 

yield industrially relevant cell factories.  
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Resumo 

O conhecimento acumulado sobre o metabolismo microbiano e o desenvolvimento de 

ferramentas avançadas de engenharia genética têm possibilitado a manipulação de 

microrganismos capazes de produzir compostos de interesse industrial de forma 

sustentável e ecológica. Além disso, a reconstrução de modelos metabólicos à escala 

genómica (GSMMs), aliada ao uso de ferramentas computacionais, tem contribuído para 

o desenho racional de microrganismos como fábricas celulares. No entanto, apesar dos 

avanços conseguidos e tecnologias disponíveis na área da biologia de sistemas, o 

desenvolvimento de fábricas celulares compatíveis com requisitos industriais é ainda um 

processo bastante caro e demorado, uma vez que cada produto alvo requer ainda uma 

estratégia única e desenvolvida de raiz, devido sobretudo à inexistência de células chassis 

(isto é, estirpes otimizadas para a produção de diferentes compostos), bem como à falta 

de ferramentas de modelação devidamente validadas.  

De um modo geral, esta tese segue o chamado ciclo “design-build-test-learn” associado 

ao processo de engenharia metabólica baseada em modelos à escala genómica, e foca-se 

no desenvolvimento de estirpes chassis de Saccharomyces cerevisiae, pré-otimizadas para 

a produção de diferentes ácidos orgânicos de elevado interesse industrial, assim como no 

estudo de associações entre genótipo e fenótipo usando este tipo de modelos. 

Para cumprir o objetivo de criar estirpes chassis de S. cerevisiae otimizadas para o 

aumento de produção de diferentes ácidos dicarboxílicos, nomeadamente ácido sucínico, 

ácido fumárico e ácido málico, foi desenvolvida uma ferramenta computacional que usa 

algoritmos de otimização existentes e se baseia na premissa de que estes compostos 

derivam dos mesmos precursores metabólicos. Foram geradas várias soluções possíveis 

para o efeito, incluindo alvos genéticos para deleção não óbvios e comuns à produção 

desta família de compostos, com base num conceito de design modular. 

As soluções mais promissoras foram depois implementadas in vivo e caracterizadas em 

termos de crescimento e taxas de produção, usando técnicas analíticas como HPLC e GC-

MS. Apesar de serem necessárias novas rondas de otimização das estirpes e dos 

bioprocessos utilizados para atingir valores compatíveis com a utilização industrial, 

estabeleceu-se, pela primeira vez, a prova de conceito de células chassis de S. cerevisiae 

otimizadas para a produção de diferentes ácidos orgânicos. Além disso, foi também 
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demonstrado o potencial de combinar a utilização de modelos metabólicos com 

estratégias de adaptação evolutiva em laboratório no desenho e otimização de fábricas 

celulares de levedura. Depois do processo evolutivo, as estirpes produtoras de sucinato 

apresentaram uma melhoria significativa em termos de taxa específica de crescimento e 

taxa de secreção desse composto, em comparação com as estirpes não evoluídas, bem 

como uma significativa melhoria da produção de sucinato e produtividade da estirpe 

evoluída em relação à estirpe selvagem. 

Contudo, verificaram-se algumas discrepâncias entre os valores obtidos 

experimentalmente e os dados resultantes das simulações, reforçando a necessidade de 

melhoria da capacidade preditiva dos modelos. Com o intuito de melhorar e tornar o 

processo de validação dos modelos mais transparente, foi criada uma nova ferramenta 

computacional designada phenomenaly (PHENOtypic and MEtabolic Network Analysis at 

Large-scale of Yeast data). Esta ferramenta foi construída com base em conjuntos de 

dados de fenótipos resultantes de mutantes de S. cerevisiae disponíveis na 

Saccharomyces Genome Database (SGD). Através do phenomenaly é possível simular e 

analisar o fenótipo resultante da deleção de um determinado gene, usando diferentes 

GSMMs de levedura. Com o recurso à ferramenta desenvolvida, foram geradas várias 

hipóteses para tentar corrigir as discrepâncias observadas entre dados experimentais e 

dados in silico, o que levou à reformulação da equação representativa da biomassa do 

GSMM mais recente do microrganismo em estudo. As modificações efetuadas 

contribuíram para descobrir reações em falta ou mal representadas no modelo, assim 

como para ampliar o número de reações ativas ao nível da existência de fluxo, com base 

em evidências experimentais. Além disso, a capacidade do modelo prever genes letais ou 

auxotrofias foi também melhorada em cerca de 18% e 25%, respetivamente. Espera-se 

que número de questões levantadas e analisadas nesta parte do trabalho contribuam para 

construir fábricas celulares de levedura mais eficientes, com base em estratégias 

racionais. 

O trabalho desenvolvido ao longo desta tese demonstra que estratégias de design 

modular baseadas em modelos metabólicos podem, de facto, contribuir para acelerar as 

tarefas associadas à engenharia metabólica, embora a capacidade preditiva dos modelos 

deva ser melhorada para dar origem a fábricas celulares com níveis de produção 

industrais.   
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CHAPTER 1  
Introduction 

  

 
 

 
The progress of our ability to manipulate microbial genomes has been revolutionizing and 

promoting innovation in the biotechnology field, pushed by an increasing demand of more 

sustainable and cleaner manufacturing processes. Industrial biotechnology can play a 

pivotal role in the new paradigm of the economy, in order to guarantee a sustainable 

future for next generations. Therefore, it has been used to convert renewable feedstocks 

into a number of bio-based products through microbial fermentation processes. In 

parallel, advances in metabolic engineering and synthetic biology techniques, along with 

the increasing amounts of available high-throughput biological data, are contributing to 

more efficient and competitive bio-based products and processes. In particular, the use 

of model-based approaches has been applied in the rational design and optimization of 

cell factories to produce industrially relevant products, although with limited success from 

an industrial point of view. 

This thesis addresses the development and improvement of in silico strain design 

methodologies using Saccharomyces cerevisiae and aims to reduce the significant 

cost/time burden still associated to the development of optimized yeast cell factories. In 

this chapter, the motivations for this work are first contextualized and the principal 

research aims are further enumerated. The outline of this thesis is then presented, while 

the main scientific outputs resulting from this work are finally referenced. 
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1.1 Context and Motivation 

1.1.1 The call for a sustainable and bio-based economy 

The current economic model is unsustainable on a planet of finite resources. Therefore, 

the call for a new strategic model capable of ensuring true sustainability by limiting and 

optimizing the spending of resources is getting louder each day. Circular economy may 

thus represent a paradigm shift since it intends to limit the consumption of resources as 

much as possible, as well as to maintain products, materials and natural resources within 

the economy as long as possible. It follows a restorative system designed to minimize 

waste streams and prioritize regenerative resources [1].  

The need for sustainable and environmentally friendly manufacturing processes places 

the so-called bio-based economy (bioeconomy) in the center of the circular economy 

model [2]. From a broad perspective, bioeconomy can be defined as the use of biological 

resources to provide products, processes and services in different sectors of society, 

within the frame of a sustainable economy system. It aims at reducing the dependence 

from fossil fuels and finite materials without overexploiting natural resources. The 

European Union has set the long-term goal to develop a low carbon economy by 2050 [3]. 

Accordingly, bioeconomy is now in the governmental agenda of many countries that aim 

to find alternative materials and sources of energy with lower carbon footprint and 

increased efficiency, to face the current grand challenges like natural resource depletion, 

food and energy supply, environmental pollution and climate changes [4,5]. A recent 

study estimated the current European bioeconomy market at about € 2.4 billion, ranging 

from food and agro-industry to the biochemical, biopharmaceutical and bioenergy 

sectors, with a growing number of bio-based companies and almost 22 million persons 

employed [6]. Indeed, renewable chemicals and bioproducts from biorefineries continue 

to grow and gain increased market share. Nevertheless, the shift towards a bioeconomy 

is occurring at a slower pace than initially expected or desired. A key challenge is 

associated with the large-scale production of a wide range of chemicals, pharmaceuticals 

and other materials through biotechnological means in a cost-effective manner when 

compared to petroleum-based products and current industrial chemical processes.  
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Rapid and unparalleled progress in metabolic engineering and synthetic biology 

technologies are driving both bioproducts and bioprocesses to be more efficient and cost 

competitive, while fueling innovation in the chemical industry. In turn, the development 

of highly efficient biorefineries capable of converting raw feedstocks into numerous bio-

based products via microbial fermentation is viewed as potentially transforming the 

economics of industrial production [7,8].  

1.1.2 Industrial Biotechnology  

Cell factories had long been used in the production of food and beverages, such as wine, 

bread and yoghurt, as well as a number of pharmaceuticals, including antibiotics, 

hormones and anti-cancer drugs [9]. More recently, there has also been much focus on 

industrial biotechnology, which can be defined as the bioconversion of organic materials 

derived from biomass to chemicals, bioenergy or other industrially relevant products, 

using microorganisms and enzymes as biocatalysts [5]. Industrial biotechnology is 

therefore expected to play a pivotal role in the new paradigm of the industry of the future 

[10]. 

The use of microbial processes for producing food and other goods actually dates back to 

ancient times when, for example, Babylonians fermented with yeasts to make beer. 

However, industrial biotechnology, also known as white biotechnology, only became a 

consistent and well-defined research field with the evolution of genetic engineering and 

“omics” technologies that started to be applied in industrial frameworks beyond 

biomedical research.  

The use of biotechnological processes in industry is not only transforming how we 

manufacture products but is also contributing to the development of new products which 

could not even be imagined a few years ago. Besides, it is considered a more cost-

effective, environmentally friendly and sustainable approach when compared to the still 

dominating chemical processes. Therefore, even the largest petro-chemical 

manufacturing companies have started to invest in biotechnological processes, putting 

these approaches in a more central position of their business strategy [11]. There is also 

a trend towards partnerships where companies are sharing risks, competences and capital 

investments to yield efficient cell factories. For example, BP and DuPont joined up forces 
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to bring biobutanol to market [12], Total and Amyris partnered up on producing 

renewable diesel and jet fuel from bio-based farnesene, Genomatica formed a 

partnership with BASF to produce 1,4-butanediol, while DSM and the French company 

Roquette formed a joint venture to produce bio-based succinic acid in yeast [11,13–15]. 

A recent market report places industrial biotechnology as the largest market in the global 

biorefinery market with a USD 224.8 billion market share, and estimates it to reach USD 

447.3 billion by 2020, growing with a CAGR (Compound Annual Growth Rate) of 13% 

throughout the period 2015-2020 [16]. In turn, the Organization for Economic 

Cooperation and Development (OECD) predicts that, by 2030, 35% of chemicals and other 

industrial products will be largely supported by industrial biotechnology, assigning it a key 

role for the desired shift towards a more sustainable and eco-friendly society [5]. 

The number of industrial biotechnology companies has been rising along with the number 

of commercially available bio-based products [11]. The industrial biotechnology boost 

arose mainly from international interest in the production of biofuels from a variety of 

feedstocks. Indeed, bioethanol represents the largest biotechnological product by 

volumetric data and yeasts have played a significant role in sustainable ethanol 

production [17]. Renewable chemicals represent another major industrial biotechnology 

branch that has been attracting global attention. Several value-added chemicals derived 

from biomass are already being produced and commercialized at a large-scale, including 

but not limited to 1,3-propanediol, polylactic acid, polyhdroxyalkanoate and succinic acid 

[14,18,19]. Alongside, the advances in synthetic biology are propelling the development 

of a wide range of other types of products and chemicals. According to OECD, improved 

enzymes for a growing range of applications in the chemical sector; biosensors for real-

time monitoring of pollutants; high energy-density biofuels produced from sugar cane and 

lignocellulosic sources of biomass; and improved microorganisms able to produce several 

chemical products are predicted to reach the market within about 15 years [5].  

1.1.3 Model-guided metabolic engineering 

In most cases, competitive bio-production requires not only process but also strain 

optimization. In this scope, advances in the systems biology toolbox are enabling rational 

design of microbes for improved production of desired compounds, by changing the 
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function or expression levels of native or heterologous genes, in what is known as 

metabolic engineering [20,21]. 

The increasing availability of genome sequences for production organisms, coupled with 

the advance of bioinformatics tools enabling the analysis and integration of high-

throughput biological datasets, opened a whole new frame of possibilities in the strain 

design process. Particularly, the use of genome-scale metabolic networks, assembled 

from annotated genomes of production organisms, has gained popularity in strain design 

and optimization. If, initially, the production of biological compounds often relied on 

directed evolution and random mutagenesis followed by screening and selection for a 

desired phenotype [22], researchers and companies are now applying systems biology 

approaches in microbial metabolic engineering to maximize the production and expand 

the portfolio of molecules produced in cell factories. While the former could be 

successfully used to select improved microbial strains (e.g., penicillin production using 

Penicillium chrysogenum enhanced by over 1000-fold), it offered no insights into the 

underlying cellular mechanisms of the desired phenotype [23]. The use of a holistic and 

systemic approach, supported by metabolic models, allows not only to identify the best 

genetic targets to improve yields and cellular fitness, but also to elucidate the mechanisms 

carried out by microbial cells, thus pushing the boundaries of industrial biotechnology.  

Model-guided metabolic engineering is considered a rational strain design process that 

usually follows an iterative workflow alternating between dry and wet lab experiments, 

as described in Figure 1.1. First, metabolic models and constraint-based algorithms are 

used to generate hypotheses towards a desired biological objective or optimal phenotypic 

state, which often include gene deletions, the adjustment of expression levels of target 

enzymes, or even the manipulation of external conditions, such as the growth media 

[24,25]. Using genetic engineering tools, it is then possible to introduce the predicted 

genetic changes and engineer the metabolism of microbial cells to obtain the desired 

phenotype. The computed predictions are therefore implemented and compared to 

experimental measurements, where large amounts of physiological and phenotypic data 

are often generated. If consistent, the designed strategy is considered validated, hence 

contributing to creation of a high-productivity strain, and of industrially relevant products. 

If not, the generated data, coupled with a number of tools from systems biology to 
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characterize and phenotype the recombinant strain (e.g. “omics” experiments), can be 

used to identify bottlenecks for further improvements. As a result, engineering an 

efficient and cost-competitive cell factory often involves an iterative operation of the so-

called “design-build-test-learn” cycle. 

 

Figure 1.1 Model-guided metabolic engineering workflow.  
  

1.1.4 Saccharomyces cerevisiae as a platform cell factory 

Saccharomyces cerevisiae, commonly known as baker’s yeast, is one of the best 

characterized eukaryotes, for which there is extensive knowledge and technology 

available, including advanced molecular biology and bioprocessing tools. It was the first 

eukaryotic organism to be fully genome sequenced [26], and the corresponding genome-

scale metabolic model was also the first to be reconstructed for an eukaryote [27]. 

Data generated for this organism are regularly integrated and made easily available in 

online repositories, such as Saccharomyces Genome Database (SGD), Yeast Metabolome 

Databse (YMDB), YEASTRACT, among others [28–30]. It is genetically tractable, meaning 

that it is amenable for genetic manipulation. Additionally, its industrial robustness, ability 

to grow in low pH and lower temperatures, ease of separation and scalability ranks this 

yeast as one of the preferred cell factories in industrial biotechnology. S. cerevisiae has 
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been used for production food and beverages since Neolithic times. More recently, it has 

been used as production platform for a large portfolio of products, ranging from fuels 

(bioethanol [17]) to pharmaceutical proteins and vaccines [33]. Besides, there is also a 

number of ongoing developments of yeast cell factories for production of commodity 

chemicals (malate, succinate, propionic acid), fine chemicals (isoprenoids) and food 

ingredients/supplements (e.g. polyunsaturated fatty acids, resveratrol) [15,31,32,34,35]. 

Moreover, S. cerevisiae has a GRAS (Generally Regarded As Safe) status, meaning that 

products produced in yeast are relatively easy to get on the market. Therefore, this single-

celled organism has several relevant attributes that makes it one of the favorite cell 

factories and a wise choice for systems biology studies. 

1.1.5 Challenges and motivation for this work 

Despite all the advances and available technologies in the systems biology field, the 

development of economically viable cell factories still requires an average time-to-market 

of 6-8 years and an investment of over USD 50 million [13]. The current metabolic 

engineering approaches are often costly and time-consuming since efforts have to be 

developed for each single product. This points out to the urgent need of developing 

chassis cells, i.e., common cell factory platforms pre-optimized for the synthesis of many 

different products based on a modular design fashion. The availability of versatile chassis 

strains could indeed boost the development of yeast-based bioproducts. The main 

challenge of this approach boils down to having an efficient conversion of the carbon 

source down to strategic pathway intermediates from which a variety of (native and 

heterologous) products can be derived. In silico strain engineering methodologies can be 

applied with the ultimate goal of rewiring the metabolism towards these target products.  

Moreover, notwithstanding the large number of yeast genome-scale metabolic models 

and computational strain optimization methods available, the yields, titers and 

productivities obtained through model-guided metabolic engineering strategies are still 

far from the ones obtained with more classical approaches [36,37]. This is commonly 

related with discrepancies observed between the computed predictions and the output 

of experimental testing. In order to accelerate the use of model-based approaches in 

industrial applications, it is crucial to improve the existing models and validation 
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methodologies towards more reliable predictions and, subsequently, highly efficient cell 

factories. 

1.2 Research Aims 

The work presented in this thesis addresses the key challenges described in the previous 

topic. The main goal of this thesis was to improve and accelerate rational design of yeast 

cell factories using model-driven approaches. In addition, there was also the objective of 

improving genotype/phenotype predictions with yeast metabolic networks. Besides the 

development of new computational approaches to generate strain designs of yeast aimed 

to overproduce different industrially relevant organic acids, this work also includes the in 

vivo implementation of the best candidate solutions. Saccharomyces cerevisiae is one of 

the workhorses of industrial metabolic engineering applications and it was used as model 

host throughout this work. To carry out the whole experimental plan, the following 

specific objectives were pursued: 

- To develop a conceptual framework for the modular design of chassis strains pre-

optimized for the overproduction of different compounds, using genome-scale metabolic 

models (GSMMs) of S. cerevisiae and building upon the fact that, despite the large 

chemical diversity of desired biochemical products, most of them are derived from the 

same metabolic precursors; 

- To use the developed framework for generating in silico strain designs with relevant and 

non-obvious genetic modifications towards the improved production of dicarboxylic 

acids, namely succinic, fumaric and malic acid, which are chemical building blocks with a 

broad range of potential biotechnological applications; 

- To implement in vivo the most promising candidate solutions and physiologically 

characterize the engineered strains for overproducing the target bio-based products in 

batch fermentations;  

- To collect high-throughput datasets containing phenotypic information of yeast deletion 

mutants and manually curate them to closely mimic the respective experimental 

evidences in the simulation process; 



Chapter 1 

PhD Thesis | Hélder Lopes  10 

- To fill the lack of suitable platforms to validate or benchmark the performance of new 

metabolic reconstructions of yeast, by the development of a computational tool capable 

of simulating genotype-phenotype associations in an unbiased and transparent way, 

through the use of the above-mentioned manually curated data sets. This tool aims to 

improve the predictive performance of yeast GSMMs towards high-productivity cell 

factories, as well as to gain insights into yeast physiology.  

1.3 Thesis Outline 

To address the above-mentioned objectives, this thesis has been structured in 7 chapters: 

• In the current chapter (Chapter 1), a general overview of the current demand for 

more sustainable processes and, particularly, the development of microbial cell 

factories for industrial applications is addressed. The main motivations for this work 

are higlighted, while the aims, structure and scientific outputs of this thesis are 

further referenced. 

• In Chapter 2, a comprehensive review of systems biology and metabolic modeling 

approaches on yeast was conducted, with special focus on the several genome-scale 

metabolic models developed for yeast species over time. Here, a critical perspective 

on the overall genome-scale modeling procedure is provided and a number of 

aspects that should be improved or taken into account along the process are 

underlined. A summary of model-based metabolic engineering applications of yeast 

species is also emphasized, while the main challenges and future perspectives for the 

field are finally addressed.  

• In Chapter 3, a computational framework for the design of chassis strains, i.e., cells 

pre-optimized for the overproduction of industrially relevant compounds, is 

presented. The in silico production of different dicarboxylic acids derived from the 

TCA cycle based on a chassis cell is showcased and validated against literature data. 

• In Chapter 4, experimental validation of the most promising solutions obtained in 

the previous chapter is presented. Several yeast strains were engineered to produce 

three different organic acids, namely succinic, fumaric and malic acid, and 

physiologically characterized in batch fermentations. Adaptive laboratory evolution 
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was used to increase strain productivity through natural selection and the succinate 

producing strains were also tested in controlled environment (in bioreactors). 

• In Chapter 5, a novel tool entitled Phenomenaly - PHENOtypic and Metabolic 

Network Analysis at Large-scale of Yeast data - is presented. It is an open source 

Python package that addresses the current issues related with the validation process 

of yeast genome-scale metabolic models (GSMMs). This tool was built around 

powerful, dynamic and curated datasets of yeast mutant phenotypes and it can be 

used to improve the existing GSMMs of S. cerevisiae, as well as to enrich our 

knowledge on yeast physiology, with the ultimate goal of reducing the discrepancies 

often observed between in silico predictions and experimental validation. 

• In Chapter 6, a particular focus was given to the evaluation of the predictive accuracy 

of Saccharomyces cerevisiae metabolic models, by comparing in vivo mutant 

phenotypic data with the computed predictions. A comprehensive characterization 

of the observed inconsistencies linked to the network’s activity and functionality has 

guided the formulation of several hypotheses to address these failures, leading to 

the complete revision of the biomass objective function and to find missing reactions 

and genes in the model, with significant impact in the model capabilities to predict 

lethal and auxotroph-inducing mutations. The improvements and questions raised 

throughout this chapter should help the systems biology community to more 

effectively engineer yeast as a cell factory. 

• Finally, in Chapter 7 the main conclusions of this thesis are recapitulated. Some 

perspectives on future research based on unanswered or new questions raised 

throughout this work are additionally presented.   

1.4 Scientific Output 

The main scientific outputs of this thesis are listed below and include peer-reviewed 

publications, oral communications and poster presentations in international conferences. 
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CHAPTER 2  
Industrial Systems Biology and Genome-scale Modeling of 

Yeast 

  

 
 

The combination of systems biology approaches with bioinformatics and computational 

biology tools have been supporting the development of predictive and quantitative 

models of metabolism at the genome-scale. Over the last 15 years, several genome-scale 

metabolic models (GSMMs) were developed for different yeast species, aiding both the 

elucidation of new biological processes and the shift towards a bio-based economy, 

through the design of in silico inspired cell factories. In this chapter, the state of the art of 

yeast systems biology is compiled, with a particular focus on the historical perspective of 

the GSMMs built over time for several yeast species. A critical perspective on the overall 

genome-scale modeling procedure is provided, underlining incomplete model validation 

and evaluation approaches, and the quest for the integration of regulatory and kinetic 

information into yeast GSMMs is also addressed. A summary of experimentally validated 

model-based metabolic engineering applications of yeast species is further emphasized, 

while the main challenges and future perspectives for the field are finally referenced.  
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2.1 Introduction 

Systems biology is an interdisciplinary field centering on the complex interactions that 

happen inside a cell, which aims to understand and predict biological behavior from a 

holistic point of view [1].  The availability of low-cost whole genome sequencing 

techniques led to an explosion of data for several organisms. This, alongside the advent 

of organism-specific omics data, advanced bioinformatics tools, and an increasing 

computational performance, has boosted systems biology research, paving the way to the 

reconstruction of metabolic networks at the genome-scale [2].  

Genome-wide reconstructions of the cell metabolism can be converted into predictive 

constraint-based models, establishing a complex network of biochemical reactions with 

information on stoichiometry, compartmentalization, biomass composition, 

thermodynamics and genes responsible for each reaction [3,4]. When combined with 

constraint-based algorithms, genome-scale metabolic models (GSMMs, also known as 

GEMs) offer an excellent opportunity for studying metabolism and genotype-phenotype 

relationships [5]. 

Hence, GSMMs have become a key framework in the Systems Biology field, in particular 

for systems metabolic engineering (ME) approaches. After the first GSMM was published 

nearly twenty years ago [6], many others have followed. Hitherto, there are GSMMs 

published and accessible for download in several websites for more than 100 organisms1, 

and the number keeps rising.  

The yeast Saccharomyces cerevisiae was the first eukaryotic organism to be fully genome-

sequenced [7,8] and it has been one of the workhorses in cell factory engineering for 

biotechnological production of several compounds with widespread applications in food 

[9,10], chemical [11,12] and pharmaceutical industries [13]. Given the similarity and high 

number of features conserved with the human functions, it is also a role model for 

diseases, drug screening and fundamental biology studies [14,15]. So, it is not a surprise 

that S. cerevisiae has been the first eukaryotic organism to have a GSMM [16], and is top-

                                                      
1 For example, optflux.org/models and http://systemsbiology.ucsd.edu/InSilicoOrganisms/OtherOrganisms. 
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ranked if we count the number of available GSMMs per single organism. However, other 

yeast species constitute important human pathogens or have also proven to be suitable 

platforms for biotechnological applications, therefore several models have been also 

reconstructed for different yeasts. In this chapter, a global overview of the GSMMs 

developed for different yeast species is presented, as well as their different applications 

in industrial biotechnology. 

2.2 The Systems Biology toolbox 

Systems biology is an emerging multidisciplinary field that aims to understand cellular 

organization and predict the complex behavior resulting from the interaction among 

cellular components, by looking to the cell as a whole rather than characterizing its 

isolated parts [1]. In a single cell we can find thousands of genes, proteins and different 

metabolites, which interact in several ways forming complex networks. Hence, cellular 

behavior relies not only on the structure of the cell but also on the dynamics of these 

biological networks. High-throughput experimental technologies coupled with advanced 

analytical techniques are contributing to the generation and quantification of increasingly 

amounts of data. “Omics” technologies, in particular, have contributed to the widespread 

detection of genes (genomics), mRNA (transcriptomics), proteins (proteomics), 

metabolites (metabolomics) and metabolic fluxes (fluxomics) in a specific biological 

sample, which can be assembled to reconstruct the map of interactions within a cell 

[17,18]. The combination of systems biology approaches with computational tools have 

been supporting the development of predictive and quantitative models of metabolism. 

Recently, genome-scale metabolic models have been compiled for different prokaryotes 

and eukaryotes where structural and stoichiometric complexity is inherently accounted 

for [19]. Alongside, several algorithms have been developed to simulate and optimize 

microbial metabolism, by using these models as scaffolds for the identification of genetic 

targets towards improved phenotypes, as well as to understand the biological 

mechanisms leading to a certain cellular phenotype [20]. Therefore, they have been used 

in multiple applications with high societal impact, ranging from the study of disease 

processes and drug discovery to the development of microbial cell factories for industrial 

biotechnology [21]. Moreover, while more traditional studies are often hypothesis-driven, 
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systems biology studies are hypothesis-generation, using holistic approaches where 

general data are acquired and analyzed to define a hypothesis that can be further tested. 

The possibility of generating knowledge and, at the same time, rationally guide laboratory 

experiments, thus saving time and resources in the wet-lab experiments, has been 

attracting the interest of scientists to systems biology, as illustrated by the exponential 

increase in number of related publications over time in PubMed. This field has been 

growing both in industry and academia, along with the many definitions and terms related 

with it. Table 2.1 highlights a glossary of systems biology and omics associated definitions 

pertinent to this work.  

Table 2.1 Systems biology and omics-related glossary. 

Concept Definition 

Systems 
Biology 

Interdisciplinary research field that uses computational methods and mathematical 
predictive models based on the integration of relevant biological data sets to study 
and decode complex interactions occurring within a biological system, from a 
holistic point of view. 

Genome The complete set of genetic material (DNA) of a cell or organism. 

Genomics 
The comprehensive study of the structure, function and expression of all the genes 
present in a certain organism. 

Transcriptome The complete set of RNA transcripts that are produced by the genome. 

Transcriptomics 
The study of the mRNA expression levels within a cell or organism under specific 
environmental conditions. 

Proteome 
The set of all expressed proteins in a cell, tissue or organism at a given time, under 
defined conditions. 

Proteomics 
The large-scale study of proteomes, including protein structure, function and 
protein-protein interactions in a cell/organism. 

Metabolome 

The total number of metabolites present in a biological sample, cell or organism. It 
may include endogenous chemicals naturally produced by the organism as well as 
exogenous chemicals taken in from external environments and symbiotic 
relationships. 

Metabolomics 
The study of global metabolite profiles in a system (cell, tissue or organism) under a 
given set of environmental conditions and genetic perturbations. 

Fluxome 
The totality of metabolic fluxes (or rates of conversion of reactants to products in 
molar per unit time) for all the reactions occurring in an organism 

Fluxomics 
The study of the rates of metabolic reactions measured or calculated within a 
biological entity, that can help to determine the cellular phenotype. 

Phenome 
The set of physical and biochemical traits of a certain organism, under given 
environmental and genetic perturbations. 

Phenomics 
The study of phenomes through the acquisition of high-dimensional phenotypic 
data on an organism-wide scale. 
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Table 2.1 (cont.) Systems biology and omics-related glossary. 

Concept Definition 

Microbial 
metabolism 
 

The means by which a microorganism obtains the energy and nutrients needed to 
survive and reproduce. It is considered the working space of modern metabolic 
engineering that will ultimately form a microbial cell factory. 

Metabolic 
engineering 

The science of re-routing metabolic fluxes towards the overproduction of a specific 
product (native or heterologous), following a gene-targeted, rational and 
quantitative approach. It aims to optimize a desired phenotype with the ultimate 
goal of producing industrially relevant substances in a cost-effective manner. 

Genome-scale 
metabolic 
model 

Complex network of biochemical reactions - composed by different metabolites 
and cofactors - with information on stoichiometry, compartmentalization, biomass 
composition, thermodynamics and metabolic genes responsible for each reaction 
(based on the annotated genome), which are assembled into different metabolic 
pathways. When the reconstructed network is combined with constraint-based 
algorithms, it turns into a metabolic model that can be used to study and simulate 
metabolism, genotype–phenotype relationships, as well as to design optimized 
microbial cell factories. 

 

The model eukaryote, Saccharomyces cerevisiae, has been frequently used in systems 

biology studies. The knowledge gained from such studies has proven to be extremely 

useful to the development of industrial applications, contributing to the rapid expansion 

of the portfolio of products that are being produced using this yeast [22]. In the next 

sections, the main advances on yeast systems biology will be explored. 

2.3 Functional genomics: “omics” technologies 

Omics techniques adopt a universal view of the molecules that constitute a cell, tissue or 

organism, and can be applied to uncover the underlying mechanisms of physiological 

processes ruling cellular metabolism and regulation. Functional genomics, in particular, 

aims at developing a number of experimental and theoretical tools for determination and 

characterization of gene function on a wide scale, in a process known as genome 

annotation, through the combination of different omics techniques often associated with 

transcriptome, proteome, metabolome and fluxome measurements [22,23]. 

Unlike the genome, the other “omes” are considered context-dependent and, thus, 

significantly susceptible to environmental and genetic perturbations [22]. Functional 

genomics focuses on the dynamic aspects of the genomic information, such as gene 

transcription, translation and regulatory issues, rather than static aspects like DNA 

sequence and structure. Therefore, omics technologies like transcriptomics, proteomics, 
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metabolomics and fluxomics have been applied to provide glimpses of the physiological 

state of the cell in systems biotechnology studies [24].  

Thanks to the availability and continuous update of genome sequencing techniques, from 

microarrays to RNA-seq and beyond, measuring the mRNA transcripts levels of virtually 

every ORF in the genome, for a given condition, turned out into a routine procedure in 

strain characterization and development [25]. In fact, the first level response to any 

perturbation occurs at the transcriptome level. DNA microarrays can be used in the 

expression profiling of a biological sample, and the probe used to quantify mRNA can 

contain cDNA primers or oligonucleotides that uniquely represent each ORF [26]. An array 

with Polymerase Chain Reaction (PCR) products is often used to amplify the probe. After 

RNA extraction, a reverse transcription process is applied, forming complementary DNA 

(cDNA), which is then combined and submitted to hybridized with the microarray chip. A 

fluorescent signal corresponding to the gene expression level is then detected and the 

image analyzed [17] (Figure 2.1A). 

In a proteomic experiment protein concentration and digestion, sample fractionation and 

sample purification are among the main considerations to have into account. Typically, 

the protein separation process uses gel-based or chromatography techniques and 

proteins are often identified using mass spectrometry (MS), more recently combined with 

liquid chromatography (LC) [27] (Figure 2.1B). Protein microarrays are also being 

increasingly used for proteins identification and functional annotation [22]. 

While fluxes are considered the functional output of metabolism, intracellular metabolite 

concentrations are its key constituents. Therefore, metabolite profiling is also considered 

an important part of systems biology, playing a complementary role to genomics, 

proteomics and fluxomics [28,29]. The huge diversity in the chemical structure of the 

metabolites makes this task particularly challenging. The analysis of the metabolome 

requires a fractionation process to separate the molecules prior to analysis (typically via 

electrophoresis-based techniques or chromatography in liquid or gas phase), as indicated 

in Figure 2.1C. Mass spectrometry (MS), ideally coupled with GC or LC, and nuclear 

magnetic resonance (NMR) are the most frequently used methods of detection in the 

analysis of the metabolome [17,28]. Recent advances enable real-time metabolome 
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profiling by direct injection of microbial cells into a high-resolution mass spectrometer, 

which allows to monitor about 300 compounds in 15-30-s cycles of several hours [30]. 

 

Figure 2.1 Simplified schematic workflow of “omics” experiments, namely (A) transcriptomics 

(microarray); (B) proteomics; (C) metabolomics; and (D) fluxomics. PCR, polymerase chain 

reaction; RNA, ribonucleic acid; DIGE, differential image gel electrophoresis; MFA, metabolic flux 

analysis. 

 

Additionally, substrates labeled with 13C opened the possibility to measure intermediary 

isotope tracers from central and secondary metabolism, hence allowing the (indirect) 

determination of intracellular flux rates of consumption/production of many metabolites 

[31,32]. The labeled isotope tracers can be further analyzed by NMR or MS techniques 

and metabolic fluxed can thus be inferred from the acquired 13C data, through a process 

known as metabolic flux analysis (Figure 2.1D). These approaches use data-fitting 

algorithms to minimize the difference between the measured isotope and the simulated 

isotope output using a model of metabolism, to iteratively identify a reliable flux 

distribution pattern [33]. To estimate metabolic fluxes in a metabolic network is not a 

trivial process. By linking enzymes to gene functions, functional genomics has permitted 

the development of genome-scale models for various data types, such as reconstructed 

metabolic network models. Genome-scale models of metabolism have been therefore 
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applied along with constraint-based approaches, such as Flux Balance Analysis (FBA), to 

estimate flux patterns in the entire metabolic pathways. These stoichiometric models can 

be used to analyze the metabolic fluxes through the entire metabolic network, by 

maximizing or minimizing an objective function, hence enabling the detection of 

metabolic differences between two tested conditions and iteratively find metabolic flux 

patterns [32]. 

Regarding “omics” data analysis, due to the huge amount of data often generated with 

these technologies, advanced bioinformatics and statistic tools are typically required. 

Multiple testing and the high number of variables increase the probability of false 

positives. Accordingly, univariate and multivariate analysis, machine learning tools and 

system-based analysis based on theoretical databases are often used in the data analysis 

of several “omics”, aiming to find patterns that can provide useful biological information 

and generate new hypothesis, also ensuring that findings are not just random [17]. Several 

visualization tools are also being used to help interpret protein interaction, gene 

expression and metabolic profile data [34]. 

 

2.4 Metabolic network reconstruction and mathematical 

modeling 

The reconstruction and mathematical modeling processes of genome-scale metabolic 

networks have been extensively described and reviewed elsewhere [4,5,21,35,36]. In this 

section, the main steps of this systematic process are briefly recapitulated through a 

schematic representation presented in Figure 2.2, as a prelude to contextualize the topics 

discussed in the further sections.  

The first requisite to start the reconstruction of a metabolic network is to have the 

genome sequence of the organism of interest. If once this could be an issue, nowadays 

with the emergence of next-generation sequencing techniques, it is possible to obtain an 

organism’s genome sequence overnight. Even for poorly-studied organisms, we can easily 

generate draft models from a genome sequence of the organism using homology 

searching algorithms and semi-automated reconstruction tools, such as Model SEED, 

RAVEN or merlin [37–39]. For example, over 2600 draft GSMMs for more than 1500 

organisms across different phylogenetic domains were automatically generated through 
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the Path2models project and, more recently, 773 human gut bacteria genome-scale 

reconstructions were generated through AGORA using metagenomics data [40,41]. 

However, the implementation of robust and high-quality GSMMs able to predict cellular 

phenotypes with reasonable accuracy requires additional time and efforts, since 

proficient manual curation and several iteration cycles of testing and refinement are 

necessary. The reconstruction process of a robust GSMM usually depends on having a 

very well-annotated genome and, consequently, reliable gene-protein-reaction (GPR) 

relationships, as well as information about the stoichiometric coefficients of substrates 

and products present in each reaction, cofactor information, reaction directionality and 

compartmentalization. Furthermore, to simulate microbial growth and obtain meaningful 

flux distributions, one must have experimental evidences on the biomass composition and 

an estimation of growth and non-growth associated ATP requirements. All this 

information is usually collected from different sources ranging from primary literature to 

high-throughput data and organism-specific databases, if available.  

 

Figure 2.2 Metabolic network reconstruction and mathematical modeling of genome-scale 

networks. (A) A draft metabolic network can be generated using genomic, biochemical and 

physiological information available in primary literature or proper databases. All annotated 

metabolic genes are first matched to enzymes and then to the reactions - composed by different 

metabolites and cofactors - to obtain gene-protein-reaction (GPR) associations. Reactions are 
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assembled into pathways which together constitute the metabolite network. Localization has also 

to be considered since chemically identical metabolites may be present in different cellular 

compartments. (B) The reconstructed genome-scale metabolic network is then transformed into 

a constraint-based model, by first converting it to a mathematical representation using a 

stoichiometric matrix (S) of the metabolite coefficients in each reaction, and further assuming 

pseudo-steady state and constraining the reaction flux (v) bounds. The system of linear equations 

defines the admissible flux space of solutions (known as flux cone) and using an objective function 

defining an optimization problem it is possible to find optimal solutions for a desired output. To 

simulate model growth and obtain meaningful flux distributions, information on biomass 

composition and ATP requirements of the cell must also be available. The generation of high-end 

genome-scale metabolic models often requires several cycles of testing and refinement based on 

the comparative results of in silico simulations and experimental data. 

 

To perform in silico simulations, the reconstructed metabolic network has first to be 

converted into a mathematical model which follows a matrix representation of the 

stoichiometric coefficients of each reaction. Assuming the steady-state behavior of 

internal metabolism, i.e. ensuring, for each metabolite, that the total rates of 

consumption and production are equal, and applying some flux constraints, such as 

reaction flux bounds to narrow down the space of feasible computational solutions, it is 

possible to evaluate the biological capabilities of an organism. Furthermore, one can use 

the well-known Flux Balance Analysis (FBA) method, which consists in setting an objective 

function for maximizing or minimizing a subset of fluxes and finding optimal solutions by 

solving the resulting linear programming problems. A typical example is the maximization 

of the biomass objective function to simulate growth-focused cell behavior [42,43]. This 

type of modeling procedure is known as constraint-based modeling (CBM), which has 

been frequently applied in ME projects [44]. Besides FBA, several other variants have been 

developed within the constraint-based modeling community, such as minimization of 

metabolic adjustment (MOMA), regulatory on/off minimization (ROOM) and RELATCH 

[45–47]. Several extensive reviews of CBM methods have been provided [20,48,49]. 

Before being published, GSMMs must be validated against experimental phenotypical 

evidences. There are several metrics commonly used to evaluate the predictive accuracy 

of these metabolic networks, including growth metrics and gene deletion metrics (single 

and double knockout analysis). Recently, Sánchez and Nielsen [50] have thoroughly 

described which GSMMs of S. cerevisiae included these types of metrics in their 

publications. When the metabolic network is poorly connected or the simulation results 
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differ from the experimental ones, the model has to be fine-tuned and continuously 

improved using, for example, gap-filling methods or by integrating multi-omics data [50–

52]. 

2.5 Yeast metabolic models: chronological overview 

The yeast Saccharomyces cerevisiae was the pioneer organism on constraint-based 

genome wide modeling of eukaryotes. In this chapter, an update on the history of yeast 

genome-scale modeling is provided by revisiting the main published genome-scale models 

of S. cerevisiae and beyond. To support this discussion, Figure 2.3 portraits a historical 

timeline highlighting the inherited features of new reconstructions over time, while Figure 

2.4 provides a quantitative assessment of the available GSMMs.  

 

 

Figure 2.3 Evolutionary timeline of yeast genome-scale metabolic models (GSMMs) and their 

reconstruction inheritances. Each box contains the name of the metabolic model and is colored 

according to the respective yeast species color caption. Several GSMMs were reconstructed using 

previously available large-scale models as templates, from the same or different yeast species, 

which is represented in the figure through bold arrows connecting the respective boxes. The light-

dashed colored lines represent the networks’ relationship regarding the models that, although did 

not serve as structural scaffolds, have been used in the comparative/validation process of the 

subsequent GSMM.  
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Nearly 15 years ago, Förster and coworkers built the first genome-scale model of S. 

cerevisiae named iFF708, a model containing 619 metabolic genes and 1172 reactions 

compartmentalized between cytosol, mitochondria and the extracellular space [53]. 

Afterwards, three GSMMs of the same organism were derived from iFF708, namely 

iND750, iLL672 and iIN800. iND750 was the second genome-wide model of S. cerevisiae 

to be published introducing 5 additional cellular compartments, GPR associations and 

comprehensive proton balance [54]; iLL672 emerged afterwards with an improved 

connectivity of the network by deleting many dead-end reactions [55]; while iIN800 has 

then included tRNA synthesis, transport processes and a more detailed lipid metabolism 

[56]. Later, iMM904 arose as an improved version of the iND750 model, introducing a new 

nomenclature for metabolites and reactions and integrating exometabolomic data, which 

consequently led to enhanced essentiality predictions, according to their authors [57]. 

This GSMM was subsequently revised by another group giving rise to iAZ900 [58]. The 

authors of this study suggested 120 corrections to the iMM904 model, including changes 

in the GPR associations, reversibility of reactions and biomass composition, as well as 

adding/removing reactions, compounds or genes, through the use of an automated 

procedure for restoring consistency with single gene deletion and synthetic lethality data, 

which has led to improvements in terms of the model specificity. The first consensus 

genome-scale metabolic network (Yeast 1) was reconstructed through the collaboration 

of several research groups, as an attempt to build a consolidated metabolic network using 

standardized identifiers, although not capable of performing computational simulations 

[59]. This fact was circumvented with Yeast 4, which included also increased metabolite 

transport, a better description of the lipid metabolism (based on iIN800) and improved 

pathway connectivity [60]. Thereafter, the consensus yeast model has experienced 

frequent updates by the community either to incorporate short (Yeast 5 - [61]) or major 

expansions of the lipid metabolism (Yeast 7 - [62]) or to improve the quantitative 

predictions of the model, particularly phenotypes related to essential and auxotroph-

inducing genes (Yeast 6 - [63]). One of the last published S. cerevisiae GSMMs is the 

iTO977 that, similarly to Yeast 4, resulted from the merge of the consensus network Yeast 

1 and the iIN800 model [64]. This model integrated transcriptomic data, thus being able 

to identify transcriptionally controlled reactions and it is the one with highest gene 

coverage (Figure 2.4B).  
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A big handicap of GSMMs is the absence of regulatory information in the GPR associations 

that could fully describe the physiological behavior of the cell in context-specific 

conditions. This absence is often used to justify inconsistencies observed in the 

simulations. Herrgård and coworkers added transcriptional regulatory constraints to an 

iND750-based GSMM to predict changes in the gene expression levels of some 

transcription factor deletion strains, which resulted in the iMH805/775 model, a model 

containing 82 nutrient signals and 55 transcription factors regulating 750 metabolic genes 

assembled from the primary literature [65]. The increasing quest for adding a regulatory 

layer into GSMMs will be further discussed. 

 

Figure 2.4 Genome-scale models of yeast in numbers. (A) Number of published genome-scale 

metabolic models (GSMMs) of yeast species over time. (B) Number of total genes, reactions 

(drains excluded), internal metabolites, intracellular compartments and reactions associated with 

genes of each GSMM. Inside each species categorization and if there is more than one GSMM for 

the same yeast, models are organized by date of publication (from top to down). 

 

S. cerevisiae is uniquely positioned among eukaryotic organisms to work as a robust, well-

established and scalable cell factory. However, other yeast species have native traits and 

features that make them equally or even more adequate to produce certain products. 

Moreover, many yeast species represent important human pathogens. In that sense, 

lately, several efforts have been conducted to develop GSMMs for other yeast species. 

Figure 2.3 shows that S. cerevisiae GSMMs - particularly iMM904 and iIN800 - have been 

frequently used as scaffolds for building or comparing new metabolic models 

reconstructed for other yeast species. Up until now, beyond the S. cerevisiae above-
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mentioned ones, 16 well-annotated GSMMs of other yeast species have been published 

(Figure 2.4A). The yeast Pichia pastoris is considered one of the preferred host organism 

when it comes to the production of recombinant proteins [66,67]. Hence, since 2010, it 

has been also a target organism in the metabolic modeling field for several research 

groups. The first two P. pastoris GSMMs corresponding to iPP668 and PpaMBEL1254 were 

almost simultaneously published, once genomic data was available for this yeast, being 

validated against physiological data from cultivations on different carbon sources [68,69]. 

Two years later iLC915 was developed based on another sequenced genome of the same 

yeast [70]. The model contains a broader genomic and metabolic coverage when 

compared to the previous ones, as well as a better agreement with experimental data 

with regard to the growth in different carbon sources, including methanol and glycerol. 

The same study has also resulted in one of the first GSMMs of the naturally occurring 

xylose-fermenting yeast Scheffersomyces stipitis, formerly known as Pichia stipitis, the 

iSS884 [70]. Due to its native features, S. stipitis is a suitable candidate for xylose and 

pentose phosphate pathway metabolic studies, as well as for ethanol production from 

biomass. Both GSMMs used iIN800 as reference framework. Likewise, also in 2012, two 

additional genome-scale models of S. stipitis were published, namely iTL885 and iBB814 

[71,72]. iBB814 was reconstructed following a protocol for generating a high-quality 

GSMMs [4] and compared with the first unicellular eukaryotic model [16] after a semi-

automatic validation process, including also the experimental determination of the 

biomass macromolecular composition, while iTL885 used GSMMs of S. cerevisiae 

(iMM904) and P. pastoris (iPP668) as template frameworks to map the assigned genes to 

the list of original reactions [72], focusing on predictions related to xylose metabolism and 

xylose-derived ethanol production. No significant differences are observable among the 

three existing S. stipitis GSMMs in terms of model size (Figure 2.4). Back to P. pastoris, the 

iPP668 model was further merged with PpaMBEL1693 and iLC915 resulting in iMT1026, 

the most recent and comprehensive GSMM of this yeast, validated against a wider range 

of physiological data than the preexisting models [73]. The iMT1026 model presents the 

highest genome coverage among all the GSMMs available for different yeast species 

(Figure 2.4B) There is another P. pastoris GSMM available since 2015 - ihGlycopastoris - 

which is an extension of the iLC915 model with native and humanized N-glycosylation, 

thus capable to simulate humanized glycosylation as well as estimate N-glycosylation of 
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yeast native proteins, being considered the first functional GSMM of P. pastoris, with 

enhanced predictive capabilities in terms of protein yield [74].  

2012 was indeed a prolific year in terms of publications of different yeast GSMMs. Besides 

the already mentioned models for S. cerevisiae, S. stipitis and P. pastoris species, the - up 

to now - unique GSMMs of either Schizosaccharomyces pombe and Candida glabrata also 

became available that year, being named SpoMBEL1693 and iNX804, respectively [75,76]. 

S. pombe, also known as fission yeast, has been widely used as model system for studying 

the mammalian cell cycle control [77] and, like C. glabrata - known to be an important 

platform for pyruvate production -, has been increasingly explored as a cell factory 

platform in biotechnological applications [78–80]. Since C. glabrata is an opportunist 

human pathogen, the GSMM available for this yeast has also been used to predict 

potential drug targets for antimicrobial therapies. In turn, Yarrowia lipolytica is an 

oleaginous yeast that can accumulate large amounts of specialty lipids, making it of 

interest for the production of biofuels and other chemicals. The first two GSMMs of Y. 

lipolytica were also published in 2012: iNL895 emerged as the first well-annotated 

metabolic model of an oleaginous yeast, although derived from S. cerevisiae models [81], 

followed by iYL619_PCP which was built directly from knowledge bases with more specific 

information on the organism of interest [82]. More recently, another GSMM of Y. 

lipolytica, iMK735, has been published as an adapted version of the iND750 S. cerevisiae 

model [83]. Information contained on the first two models of the oleaginous yeast was 

further used to build the most recent and comprehensive model of Y. lipolytica, iYali4, 

which used Yeast 7.11 consensus network as template model to integrate multilevel omics 

data, and helped to demonstrate that lipid accumulation in this yeast is associated with 

regulation of amino acid biosynthesis and does not involve transcriptional regulation of 

lipid metabolism [84]. 

The yeast Kluveromyces lactis has also been used as host for the production of 

recombinant proteins, while Candida tropicalis presents an interesting capacity for 

producing α,ω-dicarboxylic acids. Hence, these organisms have been attracting the 

attention of systems biologists, being now among the yeast species with a curated 

genome-scale metabolic model available. The first and unique GSMM of the milk yeast 

Kluveromyces lactis (iOD907) was published in 2014, building upon the iMM904 S. 
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cerevisiae model and fundamental literature for this organism [85], claiming reasonable 

predictive performance with regard to quantitative simulations of chemostat experiments 

and gene knockout phenotypes. iCT646 was reconstructed two years later through the 

assembly of genomic and biochemical information from databases and primary literature, 

thus allowing system wide analysis of C. tropicalis metabolic studies [86].  

Since today draft models can be easily derived by automatic application of reconstruction 

algorithms we can find additional GSMMs available for other yeast species. However, 

those will not be discussed in this review due to their low level of curation and lack of 

validation.  

2.6 Critical perspective on the model evaluation and validation 

approaches 

Some reviews have already thoroughly covered the evaluation metrics most commonly 

applied each time a new GSMM is published [50,87]. In this section, the focus will not be 

on the details of those metrics. Rather, a critical perspective concerning the use - or lack 

- of adequate validation approaches is provided. 

Despite the evolution of GSMMs available for different organisms along the past two 

decades, uninfringeable evaluation criteria to assess the quality and completeness of 

GSMMs are still lacking. Typically, newer models of the same organism contain a broader 

metabolic coverage (Figure 2.4B) and claim more consistent and improved predictive 

capabilities, particularly in terms of genotype-phenotype relationships, although the 

latter is always more subjective and questionable [88,89]. The scope of metabolic 

reconstructions in terms of the number of genes, reactions and metabolites has indeed 

been one of the highlighted evaluation criteria in the manuscripts of the published 

models. Due to the higher complexity of eukaryotic systems, including the presence of 

intracellular organelles and associated transport across cellular membranes, yeast 

genome-scale models have introduced another layer of characterization regarding the 

number of compartments represented in the metabolic network (Figure 2.4B). However, 

from our point of view, it is important not to sacrifice quality over quantity in the 

metabolic reconstruction process, i.e. model update should not only be focused on model 

size improvements but also and foremost on the connectivity of the metabolic network 
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and extent of manual curation, which will consequently influence the accuracy level of 

the resulting model.  

Recently, despite the challenges, Heavner and Price were able to evaluate the advances 

in S. cerevisiae metabolic networks, through the direct comparison of 12 yeast genome-

scale models [89]. They have concluded that, in general, the iterative reconstruction of S. 

cerevisiae GSMMs has improved over time, particularly in terms of genomic coverage, 

number of reactions and single gene essentiality predictions, although some trade-offs 

between network size and model predictive performance were detected, meaning 

precisely that not always the expansion of the model scope has resulted in better 

predictive capabilities of gene essentiality. Interestingly, they were also able to cluster the 

different models according to their metabolite annotations reflecting their inheritances 

and chronological development, showing that model predictive ability usually reflects the 

iterative process of model curation. The same study noticed that the number of reactions 

that cannot carry any flux due to network structural constraints (known as blocked 

reactions) present in GSMMs of S. cerevisiae is over 20% for all of them across the 

different tested conditions, reaching nearly 40% in some cases [89]. These reactions are 

often unconnected from the network, meaning that they are excluded from the 

computable metabolic space in strain optimization tasks, for example. However, if, on one 

hand, blocked reactions might reflect incorrect annotations or lack of manual curation, 

they often point the existence of gaps in biological knowledge, thus constituting an 

opportunity window for future research that should be harnessed to generate new 

knowledge and, consequently, enhance the connectivity of the models. In turn, Damiani 

and coworkers developed a system identification based framework to compare the 

predictions of two GSMMs of the yeast S. stipitis [88]. While iSS884 performed better in 

validations with physiological data, such as the prediction of growth rate or product 

excretion, iBB814 showed better qualitative agreements, such as predicting the effect on 

cell growth upon the inhibition of electron transport chain complexes. The developed 

validation framework corroborated that iBB814 has a better agreement with existing 

knowledge on that organism, while iSS884 presents some significant errors, despite good 

quantitative agreements.  

There have been some appeals by experts of the metabolic modelling field to define 
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standard quality criteria when reconstructing or assessing a new metabolic network - an 

effort we fully support -, either stressing the need of collaborative research or clearer 

annotation standards [2,90]. The previously mentioned yeast consensus networks and 

platforms as MetaNetX or Pathway Tools are good, yet scarce or underutilized, examples 

of this [91,92]. For example, among all the yeast genome-scale models published after the 

first consensus model became available, only two GSMMs of Y. lipolytica, iNL895 and 

iYali4, present the same reactions’ nomenclature in the respective metabolic networks. 

Although one could argue that nomenclature per se cannot directly contribute to affect 

or even improve the model performance, the use of standard identifiers for metabolites 

and reactions based on general databases and string representations (such as KEGG, 

PubChem, InChI and so forth) would certainly facilitate the automated integration and 

consequent comparison of different metabolic reconstructions. This would allow not only 

to better understand the underlying biology of the target organism but also to avoid error 

propagation, while highlighting opportunities for improving the consistency of the 

networks and their reusability. 

It is known that many predictive errors are indeed caused by inconsistencies of the 

network, including incorrect assignment of gene-protein-reaction associations, reaction 

directionality or reversibility, incongruous stoichiometric parameters, missing reactions 

and inaccurate biomass composition [58,89,93]. For example, the existence of unbalanced 

reactions in the metabolic network can significantly affect the accuracy of predictions 

[94]. Still, it was recently reported that several models contain a significant fraction of 

reactions either unbalanced or for which mass balances cannot be determined due to 

absence of the corresponding metabolite formula [95]. Although some methods and tools 

have been applied in the metabolic model reconstruction and refinement to guarantee 

the consistency of the network, as reviewed by Durot and coworkers, additional efforts 

should be devoted to check the model consistency with regard to mass and charge 

balance, thermodynamic information and confidence of the annotations, which are 

crucial elements in simulations [96]. In addition, cellular growth is often simulated by 

maximizing the flux through a pseudo growth reaction, known as biomass objective 

function, which describes the growth requirements of a cell [97]. Hence, the biomass 

composition is also a critical factor when studying genotype-phenotype relationships in 
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silico. Nevertheless, even though advanced analytical methods have become gradually 

available, the biomass composition in S. cerevisiae GSMMs has scarcely changed over 

time, being recently dubbed as the “elephant in the room” of metabolic modeling[93]. 

The authors demonstrated that flux distributions are very sensitive to changes in yeast’s 

biomass composition, which should be represented in an accurate and condition-specific 

manner not to compromise the predictive accuracy of the model. In that sense, for 

example, the most recent P. pastoris model, iMT1026, includes different biomass 

compositions specific for each of the alternative carbon sources used [73]. Surprisingly, it 

was found that apart from the iLL672 model, none of the published S. cerevisiae genome-

scale models include a detailed composition for vitamins, elements and cofactors required 

for growth. Cofactors, in particular, are often essential to proper enzymatic function, and 

some E. coli modeling studies have demonstrated the importance of their representation 

in the biomass equation. An increasing level of detail in the biomass objective functions 

has been perceived for models of Escherichia coli and prokaryotes in general and it would 

be interesting to conduct similar efforts in yeast GSMMs [98,99]. 

Regarding more quantitative predictions, the model performance is often assessed based 

on the simulation of genotype-phenotype relationships, particularly gene essentiality, 

utilization of different carbon sources, growth rate and product excretion, to ensure that 

the metabolic model can accurately represent the biological system of interest. If, on one 

hand, physiological data on growth rates, substrate utilization and product formation is 

fairly accessible for all the yeast species with an available GSMM, on the other hand 

genome-wide datasets comprising gene deletion phenotypic information are only 

available for S. cerevisiae and, more recently, for S. pombe, hindering a more complete 

validation process. The single gene essentiality overall predictive accuracy reported in the 

yeast GSMMs publications, i.e., the fraction of correct predictions either for truly essential 

and non-essential genes, generally exceeds 80% or even 90% in some cases which, at a 

first glance, is quite remarkable. Nevertheless, if we account only the fraction of correctly 

predicted lethal knockouts, commonly known as model specificity, the agreement rates 

drop significantly to nearly half of the above mentioned values [58]. Moreover, from our 

analysis, if we deep-root the gene essentiality prediction analysis, we find that some true 

positive cases, i.e., non-essential genes correctly predicted by the model, are associated 
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with blocked reactions, suggesting that some positive results might be somewhat biased 

due to structural issues of the model (see Chapter 6).  

The results of mutant phenotypic studies are dependent on strain background, growth 

media, and other environmental conditions [100–104]. For instance, a complex – 

undefined – growth medium is very difficult to formulate in silico. Also, some studies do 

not take into account specificities of the strain used in the experimental procedure, such 

as the presence of auxotrophic markers. Thus, it can be difficult to generate a totally 

reliable reference set of essential genes to be used in the model validation process, since 

some genes might be essential only in context-specific conditions [105]. Studies that have 

developed their own large-scale experimental results based on well-defined and 

“simulation friendly” conditions might therefore be on an advantageous position. At the 

same time, to develop unbiased comparisons when evaluating different models, one 

should at least use the same experimental dataset and in silico conditions. There are other 

simulation features that can influence the model predictive performance, including the 

choice of the growth threshold and the applied constraint-based algorithms. Although 

FBA has been the main constraint-based method used when evaluating new GSMMs, 

other methods such as MOMA and ROOM have also been applied. The latter two methods 

use a similar biological hypothesis which aims to minimize the number of significant flux 

changes with respect to the wild-type strain after a certain genetic perturbation, using a 

quadratic or mixed-integer linear programming (MILP), respectively [45,46]. Therefore, 

the quality of the reference wild-type flux distribution is crucial for obtaining meaningful 

results with these methods. A recent publication by our group showed that some of the 

most commonly used yeast GSMMs predict erroneous fluxes even in the well-studied 

pathways of the central carbon metabolism [106]. Interestingly, it was found that the 

oldest GSMM of S. cerevisiae (iFF708) was the best predictor of central carbon fluxes, 

which might explain why many authors still use this model in ME studies [9,107,108]. 

Hence, even if most yeast models have demonstrated to accurately predict common 

physiological parameters such as specific growth rates, the analysis of the internal flux 

distribution, which is barely taken into account, should be part of the validation process, 

whenever fluxomics data are available. It is also known that cells may need time to adapt 

to genetic perturbations or environmental variability. Thus, some in silico predictions 
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based on optimality criteria might not actually be incorrect, simply need to be verified in 

the light of evolution. Accordingly, it might be advisable to combine genome-scale 

modeling and adaptive laboratory evolution in the strain development process for certain 

biotechnological applications. 

There is a natural tendency to over-emphasize improvements in the predictive capabilities 

of new metabolic reconstructions, with particular prominence for the evaluation of cell 

viability after a specific gene deletion. However, it is important to stress that incorrect 

model predictions can constitute an excellent opportunity for knowledge generation, 

including the discovery of novel gene functions or alternative pathways, through the 

formulation of hypotheses to address these failures [109,110]. Underlining these 

limitations when publishing or analyzing GSMMs, instead of over-fitting the model for a 

particular experimental dataset or not providing clear information on how it was 

assembled, could guide future research towards new biological discovery [111]. In 

summary, there is a clear need to define minimal criteria to assess the quality and 

completeness of genome-scale metabolic networks, along with more transparent 

reconstruction and validation processes, not only to increase our understanding of the 

target organism but also the reproducibility and applicability of the metabolic models. 

2.7 The quest for the integration of regulatory and kinetic 

information into GSMMs 

Metabolism is regulated at multiple levels and, even thinking of the best-studied 

unicellular prokaryotic and eukaryotic organisms, we are still significantly far from having 

a full understanding of their underlying biological processes. Missing knowledge of 

enzyme regulators and other specific factors governing flux rates across different 

physiological conditions are amongst the main contributors for these deficiencies [112]. 

Nonetheless, biological knowledge has been increasingly generated and, by now, there 

are multiple data sets available that can be integrated in the genome-scale modeling 

process to improve the systems-level understanding of the cellular metabolism and even 

to link strain-specific phenotypes to molecular features [29,100]. In fact, discrepancies 

between in silico predictions and experimental data are commonly justified with the lack 

of regulatory information in the metabolic networks. The integration of multi-omics data 
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and other phenotypic information in functional metabolic models has been applied as a 

way of circumventing the absence regulatory rules in GSMMs, whilst increasing their 

scope and predictive capabilities. Yeast GSMMs have been used as scaffolds to integrate 

this type of data, as extensively described elsewhere [5,50]. Accordingly, a myriad of 

computational methods to perform this task have been published [113]. By integrating 

this information in a quantitative or qualitative way, we are able to shrink the solution 

space, which in turn is expected to improve the prediction of cellular phenotypes and/or 

gain insights into metabolic-driven adaptations, and even gene expression noise after 

certain genetic or environmental perturbations [5,114–116]. Interestingly, a systematic 

evaluation of different methods used to integrate transcriptomic data into constraint-

based models of metabolism showed that, in most situations, none of these methods 

outperform FBA and that many predictions may actually be the result of artifacts of the 

same methods and not a consequence of integrating gene expression data [117]. More 

recently, a new integration method was developed claiming significant improvements in 

the prediction of growth rates in comparison with previously existing algorithms [118]. 

Still, the development of new methods to integrate metabolic networks and different data 

types remains a challenge.  

Transcriptional regulatory networks representing the interplay between environmental 

conditions, transcription factors and target genes have also been addressed as a way of 

extending the coverage of constraint-based metabolic models of yeast and improve their 

accuracy and predictive ability [119,120]. However, a recent systems-level study 

conducted to analyze the mechanisms regulating yeast metabolic fluxes showed that 

changes in fluxes across different nutrient conditions occur mainly due to changes in 

metabolite concentrations and not enzyme levels [121]. Also recently, a genome-wide 

quantitative metabolic map of the budding yeast was established by measuring amino 

acid concentration changes upon deletion on nonessential S. cerevisiae coding genes, 

showing that their deletion often creates very specific concentration signatures, 

apparently ruling the metabolism-regulatory network [29]. 

If on one hand GSMMs have the advantage of being suitable for large-scale studies of the 

cellular metabolism, they clearly lack a detailed characterization of the cell, including the 

characterization of the factors determining the rate of reactions that could explain not 
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only which reaction can occur but also when and to what extent they take place. Kinetic 

modeling constitutes an excellent opportunity toward this end but, although some 

advanced in silico approaches have been developed, several challenges still remain before 

large-scale kinetic modeling will be routinely applied in industrial biotechnology 

[122,123]. The scarce amount of information available for the majority of reactions, as 

well as the uncertainty of the existing data in terms of the kinetic rates, expressions and 

parameters values significantly hamper the development of high-quality kinetic models. 

Yet, the emergence of new knowledge on how metabolic fluxes are determined points 

out that efforts should rather be redirected to use constraint-based models as templates 

for integrating kinetic data towards the generation of genome-scale kinetic models able 

to characterize the mechanisms of each reaction, as stressed by Smallbone and coworkers 

who gave the first steps in that direction by generating the first genome-scale kinetic 

model of yeast using linlog-kinetics [124]. More recently, a dynamic GSMM of the yeast 

Pichia pastoris has also been generated using the iPP668 model as scaffold, leading to 

improved flux distributions throughout dynamic cultivations resembling industrially 

relevant conditions [125]. The combination of dynamic modeling concepts with 

stoichiometric models can also constitute an excellent platform for integrating kinetic 

parameters towards the development of robust and large-scale kinetic models. Still, the 

usefulness of these approaches for cell factory improvements remains to be proven, 

meaning that efforts should also be applied to experimentally determine kinetic 

parameters under well-controlled conditions and to develop new methods for reducing 

the level of uncertainty currently linked to the generated data [126]. 

2.8 GSMMs as guiding tools of metabolic engineering applications 

The rising interest in producing fuels, chemicals and other materials from renewable 

resources associated to the concerns about sustainability have been the driving forces 

behind the developments in the industrial biotechnology field [127]. Although a clear 

assessment regarding the impact of GSMMs as guiding tools in metabolic engineering 

(ME) industrial applications is still missing, several biotechnology companies have already 

filed patent applications for producing microorganisms mentioning the use of GSMMs in 

the strain design process, which clearly demonstrates their usefulness [20,128]. So, in 
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addition to their role in biological elucidation and knowledge discovery processes already 

discussed, and notwithstanding some criticisms stated before, the use of GSMMs to 

rationally design and optimize microbial cell factories has indeed shown to be of great 

value. The rising interest in this topic has concomitantly driven the development of a 

myriad of computational strain optimization methods (CSOMs) which allow to find in silico 

combinations of genetic modifications towards desired phenotypical traits. OptKnock 

established the groundwork for the conception of many other CSOMs developed further 

on. Based on a bi-level structure, it was formulated to search for strain designs (reaction 

deletions targets) maximizing simultaneously two competing objective functions: cellular 

growth and the overproduction of a target compound [129]. Since then, CSOMs have been 

developed to search for non-intuitive genetic designs in more efficient and scalable ways. 

From the use of metaheuristic approaches [130] to the consideration of gene deletions 

together with heterologous insertions - using mixed-integer programming methods 

(OptStrain [131]) or gene expression levels (OptReg [132], OptForce [133], EMILio [134]) 

-, to the exploitation of transcriptional regulatory targets - using integrated (OptORF 

[135]) or unintegrated (BeReTa [136]) networks of metabolism and transcriptional 

regulation - today, we can find over 30 different CSOMs in the literature. A comprehensive 

review on this topic was recently made available [20].  

Since yeast species are the focus of this review, the main in silico-aided ME applications 

for the development of experimentally validated yeast cell factories are highlighted in 

Table 2.2. Despite the increasing number of available GSMMs of yeast, up until now, only 

a few have been used to design yeast cell factories. Interestingly, the first and simpler 

GSMM of S. cerevisiae, iFF708, has been used in several ME applications ranging from the 

improved production of biofuels and building block chemicals, such as ethanol and 

succinate [39,108,137], to sesquiterpenes and aromatic compounds, including cubebol 

and vanillin, mainly based on OptGene suggested predictions [9,107]. A combination of 

literature mining and FBA using the iND750 model has also demonstrated that in silico-

aided ME for the production of fumaric acid in S. cerevisiae can be efficiently developed 

[138].  
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Table 2.2 A selection of experimentally validated model-based metabolic engineering 

applications/studies of different yeast species. 

a FDCA – flux distribution comparison analysis; b NS – Not specified; c dynamic FBA; d parsimonious enzyme usage FBA 

Various sustainable forms of alternative energy and chemicals have been sought. 

Accordingly, researchers have also successfully designed and constructed S. cerevisiae 

strains with improved 2,3-butanediol production, based on in silico predictions obtained 

through the OptKnock framework and using the iMM904 model [139]. Biological synthesis 

of terpenoids, which are candidate drugs and fragrances, has also been on the radar of 

ME researchers and systems biologists [146]. Compared to bacteria, yeasts are more 

suitable to synthetize plant terpenoids mainly due to their ability to express plant 

cytochrome P450 enzymes [78,147]. The iMM904 GSMM was successfully used to 

investigate the impact of gene deletions - predicted through metabolic flux analysis using 

FBA and MOMA constraint-based methods - on isoprenoids pathway fluxes, hence 

showing that metabolic flux analysis combined with genome-scale modeling constitute a 

Organism Target product Model / Method Results Year / Ref 

S. cerevisiae Bio-ethanol iFF708 / FBA 40% reduced glycerol yield on glucose 
and increased ethanol yield (+3%) 
without affecting the maximum specific 
growth rate 

2006 / [137] 

S. cerevisiae Sesquiterpenes iFF708 / OptGene 85% increase in the final cubebol titer 2009 / [107] 

S. cerevisiae Vanillin iFF708 / OptGene 1.5-fold higher vanillin β-D-glucoside 
yield in batch mode, 2-fold productivity 
improvement in continuous culture 

2010 / [9] 

S. cerevisiae 2,3-Butanediol iMM904/ Optknock 2,3-butanediol titer: 2.29 g l-1; Product 
yield: 0.113 g.g-1 under anaerobic 
conditions 

2012 / [139] 

S. cerevisiae Fumaric acid iND750 / 
Literature mining + 
FBA 

Titer: ~1.68 g l–1 in batch culture 2012 / [138] 

C. glabrata Malate iNX804 / FBA Malate titer: 8.5  g l-1 2013 / [140] 

S. cerevisiae Succinate iFF708 / OptGene 30- and 43-fold improvements in 
succinate titer and succinate yield on 
biomass, respectively 

2013 / [108] 

S. cerevisiae Amorphadiene iMM904 / FDCAa 8–10-fold greater product yield 
compared to the wild-type 

2014 / [141] 

C. glabrata Acetoin iNX804 / FBA Final acetoin titer: 3.67  g l-1 2014 / [142] 

P. pastoris Human 
recombinant 
protein 

PpaMBEL1254 
/MOMA & FSEOF 

Enhanced recombinant protein yield 
up to 40% 

2014 / [143] 

C. glabrata Fumaric acid iNX804 / NSb Final fumarate titer: 8.83 g l-1 2015 / [79] 

Y. lipolytica Lipids iMK735/dFBA c Byproduct (citrate) formation was 
reduced and lipid production yield 
increased 

2015 / [83] 

S. cerevisiae 3‐hydroxy-
propionic acid 
(3HP)  

iTO977 / pFBA d 3HP titer: 9.8 g l−1;  

Yield: 13 % C-mol C-mol−1 glucose 

2016 / [144] 

S. cerevisiae β-farnesene  iLL672 

(extended version) 
/ pFBA 

Farnese yield: 17.3% g g-1  

Productivity: 2.24 g l−1 h−1 (requiring 
75% less oxygen) 

2016 / [145] 
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powerful tool to identify suitable strategies for re-routing metabolic fluxes towards the 

production of exogenous terpenoids [141]. 

More recently, an extended version of the iLL672 model was applied by Meadows and 

coworkers to identify an improved farnesene biosynthetic pathway in a study where the 

central carbon metabolism of S. cerevisiae was rewired for industrial isoprenoid 

production, achieving higher yields and productivity rates of the heterologous compound 

[145]. In turn, and although the candidate ME strategy is not directly linked to in silico 

strain optimization or simulation methods, one of the latest S. cerevisiae models, iTO977, 

was recently used in a ME application for biosynthesis of 3-hydroxypropionic acid (3HP) 

to gain insights of the influence of 3HP biosynthesis on the flux distribution, hence guiding 

further ME efforts [144].  

Regarding other yeast species beyond S. cerevisiae, a model of the yeast P. pastoris 

(PpaMBEL1254) was successfully used to predict deletion and overexpression of genetic 

targets for overproduction of cytosolic human superoxide dismutase (hSOD), using 

MOMA and Flux Scanning based on Enforced Objective Function (FSEOF) approaches, 

respectively [143]. Meanwhile, a novel fed-batch strategy to avoid citrate excretion in the 

lipid production phase, deduced from FBA simulations with the iMK735 model, was 

developed leading to increased lipid yields in Y. lipolytica [83]. Interestingly, although 

there is only one published GSMM for the yeast Candida glabrata, their authors have been 

demonstrating its usefulness in the strain design of C. glabrata for the production of 

different dicarboxylic acids, including malate, fumaric acid and acetoin [79,140,142]. 

However, since this yeast is also considered an opportunistic pathogen, this might 

constitute a significant drawback in regulatory affairs regarding the industrial use of the 

engineered strains. 

Notwithstanding these successful in vivo applications, there is actually much room for 

improvements regarding the use of model-guided metabolic engineering approaches, in 

particular to obtain yields, titers and productivity rates similar to those obtained using 

more classical or non-rational methodologies, such as the bio-based and economically 

viable production of succinate [148]. There are several reasons that might help to explain 

the current discrepancies. For example, many GSMMs and CSOMs remain to be properly 

validated in vivo, in part due to the lack of high quality phenotypic data, including 
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experimental data on flux distributions to better approximate the predicted fluxes with 

the real ones. On the other hand, despite the multiple computational methods developed 

to integrate the increasing number of -omics data available for several organisms within 

GSMMs, results show that we are not yet taking full advantage of it to improve phenotype 

predictions, meaning that more powerful methods leading to a systems-level 

understanding of the metabolism are needed. At the same time, reports underlining failed 

efforts in validating in silico predictions are often overlooked. For example, Gruchattka 

and Kayser tried to validate in vivo two strategies for using yeast as a terpenoid cell factory 

based on constrained minimal cut sets predictions previously obtained using a central 

carbon metabolic network. However, high amounts of acetate were produced instead of 

terpenoids [149,150]. Therefore, reporting failed attempts is also of extreme importance, 

in particular to detect major bottlenecks of the system and guide improvements in further 

in silico-aided ME studies. Others factors such as global regulatory networks, product 

toxicity or metabolic burden must also be taken into account to achieve optimal 

production phenotypes, meaning that the use of more combinatorial approaches, 

including iterative rounds of metabolic engineering, should also be considered to 

overcome disconnections between genotypes and predicted phenotypes [151]. 

2.9 Challenges and future perspectives 

Genome-scale modeling of yeasts has been evolving for the last 15 years, contributing 

both to gain insights into the biological processes of several yeast species and to develop 

rational approaches in metabolic engineering applications. However, many challenges 

remain, ranging from the need of clear evaluation approaches, high-quality phenotypic 

data and benchmark tests to assess the performance of newer models in context-specific 

environments - often hindered by the absence of standard identifiers of metabolites, 

reactions and enzymes among the different models –, to the integration of kinetic and 

regulatory information known to govern metabolic fluxes across different physiological 

conditions, as a way of attaining more precise and robust predictions.  

Since metabolism is highly regulated at various levels, the integration of multi-omics data 

might indeed help to ensure a higher robustness of the functional system. However, this 

has to come along with the development of computational methods capable of properly 
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capturing the advantages of integrating this information, which is still not clear at the 

moment. Before that, more emphasis should be given to increase the transparency of the 

reconstruction and validation approaches, highlighting rather than omitting the major 

bottlenecks found across these processes, which can contribute to fill some knowledge 

gaps through hypothesis-driven experiments and ultimately to generate more reliable 

predictions. 

For the model prokaryote E. coli the expansion of metabolic models to incorporate 

processes of proteome synthesis and localizations (ME-Models) or protein structure 

information (GEM-PRO models) has been gaining momentum, presenting significant 

improvements in model predictions [152,153]. However, this type of models is not yet 

available for yeasts. Feizi and coworkers gave the first steps towards this goal by 

reconstructing the protein secretory machinery in yeast; still, it is not clear if it will be 

possible to create a ME-Model in the near future due to missing information about several 

processes in the yeast cell [154].  

With the increasing availability of fluxomics data, a more attainable approach should pass 

through the assessment of internal flux distribution patterns in new genome-scale 

reconstructions, which has not been taken into account. For example, the iFF708 is the 

first yet better model predicting central carbon metabolic fluxes, and this might help to 

justify its success in several in silico-aided metabolic engineering applications. 

Concurrently, it is important to determine what do cells really want, i.e., to know and 

formulate realistic objective functions based on experimental evidences to accurately 

represent specific cellular environments, as well as to represent biomass composition in 

a condition-specific manner, since this has a major impact in the simulation outputs [155]. 

For example, it would be interesting to study cofactor requirements for cell growth in 

yeast models, as recently done for other organisms [98]. 

Recent evidences also demonstrate that flux changes are often governed by changes in 

metabolite concentrations rather than enzyme levels [121]. So, despite all the limitations 

and need of powerful computational tools for dynamic modeling at the genome-scale, 

further research in this field should desirably explore dynamic environments by 

integrating kinetic data into yeast metabolic networks.  
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Additionally, it is known that yeast strains from different ecological origins might present 

different phenotypic responses and even distinct intracellular metabolic fluxes [156]. So, 

if we take this into account while performing computational simulations we will likely 

improve the understanding of genotype-environment-phenotype relationships and, 

consequently, the rational design of cell factories [157]. Lastly, in nature, yeast species 

present several interactions with other microorganisms and the compounds they secret 

can influence their co-habitants [158]. Therefore, the development of microbial 

communities’ models to study yeast species interactions is also expected to emerge in the 

next years. 
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CHAPTER 3  
In silico modular design of Saccharomyces cerevisiae strains 

for enhanced production of organic acids 

  

 
 
The current metabolic engineering approaches are often costly, laborious and time-

consuming since efforts have to be developed for each single target product. To address 

this issue, a conceptual framework for the design of chassis strains, i.e., pre-optimized 

strains for the synthesis of different products is proposed in this Chapter. The developed 

strain design framework applies a metaheuristic approach to search for growth-coupled 

production designs and builds upon the fact that many compounds are derived from the 

same metabolic precursors to detect common genetic perturbations towards their 

overproduction.  

Several chassis strains containing common genetic deletions towards industrially relevant 

organic acids, namely succinic, fumaric and malic acid overproduction, were designed and 

analyzed in terms of their biological feasibility. A chassis strain encompassing the non-

intuitive inactivation of glucose-6-phosphate dehydrogenase (ZWF1) and 3-

phosphoglycerate dehydrogenase isoenzymes (SER3/SER33), along with the inactivation 

of enzymes to disrupt the cyclic behavior of the tricarboxylic acid (TCA) cycle, was scored 

as an interesting candidate metabolic engineering strategy towards overproduction of the 

three mentioned compounds, based on a multi-criteria systematic approach including the 

analysis of available literature data. 

This model-driven modular design concept may represent an important step towards 

realizing the full potential of the production of other families of industrially relevant 

chemicals.  
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3.1 Background 

Recent advances in both genetic engineering and computational tools, along with the 

increasing availability of genome sequences for production organisms, opened a new 

frame of possibilities in the strain design process, beyond classical random mutagenesis 

and screening methods [1–3].  Nevertheless, identification of metabolic engineering (ME) 

strategies for redirecting intracellular fluxes towards a desired phenotype is not a 

straightforward task, mainly due to the complexity of metabolic networks.  

A genome-scale metabolic model (GSMM) consists of a network of biochemical reactions, 

encompassing information in terms of stoichiometry, compartmentalization, cofactor 

usage, reaction directionality, and gene–protein-reaction (GPR) associations. When 

combined with constrained-based algorithms, such as Flux Balance Analysis (FBA) [4,5] or 

other available methods [2], GSMMs help tackling the complexity of metabolic networks, 

offering a great opportunity to investigate genotype to phenotype relationships for gene 

deletion mutants and to obtain improved production strains[2,6–9]. Several 

computational strain design tools have been developed towards this goal, such as the 

OptKnock and OptGene frameworks [10–12]  

However, the long development time needed to go from the product idea to an optimized 

strain is still one of the major hurdles, leading to significant cost and time burden. 

Currently, each distinct optimized engineered strain generally requires customized 

analysis and construction, and, despite all the advances and available knowledge, no 

effort has been made so far to find a chassis eukaryotic cell towards enhanced production 

of families of relevant compounds.  

Here, an innovative in silico modular strain design methodology is described. A conceptual 

framework built on top of an OptGene-based metaheuristic framework was developed 

resulting in several possible pre-optimized chassis strains of Saccharomyces cerevisiae for 

enhanced production of organic acids derived from the tricarboxylic acid (TCA) cycle, 

through the identification of gene knockouts to improve target yields and productivity. 

The main biological rationale behind this work is based on the fact that, despite of the 



Chapter 3 

PhD Thesis | Hélder Lopes  62 

great chemical diversity of desired industrial compounds, many of these products are 

derived from the same precursor metabolites and/or use the same cofactors [13].  

The focus of this study was a group of C4-dicarboxylic acids, including succinic acid (SA), 

fumaric acid (FA) and malic acid (MA), that were classified by the US Department of Energy 

in the top 12 of most promising chemical building blocks that can be derived from biomass 

[14], and that have found widespread applications in the food, chemical and 

pharmaceutical industries (Figure 3.1). Most of them are natural intermediates in central 

metabolic pathways. However, they are usually not excreted or are excreted in small 

amounts by wild-type S. cerevisiae strains, meaning that a competitive microbial 

production process will create new opportunities and boost the bio-based organic acids 

market.  

 

Figure 3.1 Promising chemical building blocks that can be derived from biomass and their potential 

industrial applications. 

 

Among the different microorganisms that can be exploited in industrial biotechnology, 

Saccharomyces cerevisiae is uniquely positioned as a well-established, robust and scalable 

industrial production platform for a large portfolio of products, ranging from biofuels to 

nutraceuticals [6,15]. S. cerevisiae is a Generally Regarded as Safe (GRAS) organism that 

has the ability to grow at low pH, which in this case is noteworthy since it will facilitate 

the recovery of the acids in their carboxylated form, decreasing the associated 

downstream costs. Moreover, it is one of the best characterized eukaryotes, for which 

there is extensive knowledge and technology available. Many systems biology tools have 

been applied to this microorganism during the last decade [13]. The first GSMM of S. 

cerevisiae was published in 2003 and since then a few stoichiometric yeast models were 

reconstructed [16–18]. In addition, there are already several model-guided ME strategies, 
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which resulted in the overproduction of target compounds in S. cerevisiae, including 

organic acids [19–21], sesquiterpenes [22] or vanillin [23].  

This work demonstrates the possibility of generating pre-optimized chassis strains designs 

for the enhanced production of C4-dicarboxylic acids, in a modular fashion, using S. 

cerevisiae as a platform cell. 

 

3.2 Methods 

3.2.1 Model preparation 

Several genome-scale metabolic models were employed during this work. The iMM904 

model was used for the generation of results in the optimization and chassis analysis 

stages [24], complemented by the use of iND750 and Yeast 6 in the validation and fitness 

analysis stages [25,26]. 

The iMM904 model has been modified as described by Pereira, Nielsen and Rocha [27] to 

include the following modifications: two mitochondrial 2-oxoglutarate transporters and a 

NAD-dependent cytosolic acetaldehyde dehydrogenase were added; the reversibility of 

three mitochondrial transporters (R_ASPt2m, R_OAAt2m and R_MALtm) was changed to 

prevent their activity in the direction from the mitochondria to the cytosol and the 

stoichiometry of the sirohydrochlorin dehydrogenase was corrected. The model was also 

modified here to include a pyrophosphate transporter in the peroxisome, which was 

found to be essential to allow the activity of the glyoxylate cycle. After these 

modifications, the iMM904 model was composed of 1417 reactions, 1064 internal 

metabolites and 904 genes. 

Several modifications were also performed in the Yeast 6 model as suggested by Pereira, 

Nielsen and Rocha [27], including the update of several reactions according to the recent 

consensus model (Yeast 7.11) (see Supplementary Information: Table S3.1). 

3.2.2 Selection of deletion candidates 

For the optimization stage, the number of candidate targets for deletion was reduced, by 

employing the following strategies to disregard potential targets: 
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• Essential and nearly essential reactions - all the reactions that, when no flux is 

allowed to be carried over them, render the biomass growth below 1% that of the 

wild-type; 

• Non-gene associated reactions – metabolic reactions that either occur 

spontaneously or, due to deficient annotation, do not possess any gene 

association; 

• Drains and transport reactions – all the drains and transport reactions; 

• Co-sets / equivalent reactions – coupled reactions are grouped and only one of 

them is considered, since deletion of any one of them produces similar results [28];  

• Disabled reactions – reactions that are unable to carry flux, for the current set of 

environmental conditions. 

After these strategies were employed, a total of 197 reactions were considered as 

possible deletion targets for the optimization stage. 

 

3.2.3 Optimization procedure 

For each of the target products (FA, SA and MA), 10 optimization runs were executed. A 

metaheuristic approach based on the OptGene method was applied [11,29]. The 

employed heuristic is based on the Strength Pareto Evolutionary Algorithm 2 (SPEA2) 

[30,31], readily available in the OptFlux workbench [32]. Being a multi-objective approach, 

the SPEA2 algorithm was configured to search for strain designs maximizing two 

conflicting objectives: 1) maximization of biomass and 2) maximization of the target 

product. The optimization algorithm includes a solution archive manager that was 

configured to keep the 100 best solutions achieved during its execution. After the 10 

optimization runs for each target product, all the solutions were merged into a single 

solution set, discarding possible repetitions. The algorithm was allowed to generate 

solutions of variable size up to 20 deletions and, in each optimization run, a total of 

100.000 function evaluations were allowed. 

All the optimizations were executed in a cluster environment composed of Intel Xeon 

processors with 2GB or RAM, each taking approximately one hour to complete.  
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3.2.4 Gene Clustering  

A gene clustering step was applied to the results achieved during the optimization stage 

to support the analysis of the chassis in the validation stage. The framework resorts to the 

heatmap.2 function from the gplots R package, which uses a hierarchical clustering 

procedure and produces an intuitive heatmap. The distance matrix was calculated using 

the Euclidean distance metric and cluster agglomeration was conducted via complete 

linkage. The procedure generates a heatmap and dendrograms for both the rows (genes) 

and columns (target products), which are reordered by their mean distance values. 

3.2.5 Nutrient uptake/secretion constraints 

The case study was prepared to simulate fully aerobic growth using glucose as the sole 

carbon source. The glucose uptake flux was limited to a maximum of 1.15 

𝑚𝑚𝑜𝑙. 𝑔𝐷𝑊−1ℎ−1 and the oxygen uptake flux was kept unrestricted. 

3.2.6 Flux phenotype prediction 

Phenotypic behavior can be predicted using a number of constraint-based approaches 

over the information kept in metabolic models. In this work, several phenotype prediction 

methods were employed, namely: 

• Parsimonious enzyme usage Flux Balance Analysis (pFBA) [33], an extension of the 

classic FBA that returns a more biologically viable flux distribution. This method 

was implemented as described in [34] and used to evaluate all the candidate 

solutions during the optimization stage. 

• Minimization of Metabolic Activity (MOMA) [35] a linear variant of MOMA 

(LMOMA) [36] was employed in the robustness analysis stage, to evaluate the 

fitness of the solutions under alternative phenotype prediction methods. 

• Flux Variability Analysis (FVA) [37]: this method was used to check if a flux can vary 

in optimal FBA solutions, by setting a constraint that requires the biomass flux to 

be equal to its optimal value, and assess the robustness of a flux distribution 

regarding its production capability of the target compounds. 
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3.3 Results and discussion 

3.3.1 Platform strain design framework 

In this work, a conceptual framework for the design of platform strains is proposed. The 

framework is segmented in two main stages: i) Optimization stage and ii) Chassis Analysis 

stage. Figure 3.2 provides a schematic view of the pipeline followed throughout this work, 

from the generation of solutions to the final chassis of the platform strains. 

 

Figure 3.2 Platform-strain design pipeline. The two main stages of the pipeline are depicted. The 

optimization stage encompassing the generation of results, their post-processing and evaluation 

and the chassis analysis stage, which includes the gene frequency analysis, generation of 

candidate chassis, reconciliation with the generated solutions and scoring of the final chassis. An 

extra step depicts the generation of gene/target clusters from the overall results. 

 

3.3.1.1 Optimization stage 

The optimization stage is responsible for the generation of candidate ME strategies for 

the various target compounds. While this task could be guaranteed by a number of strain 

design methods [37], we opted by a metaheuristic approach based on the OptGene 

method [11,29], as described in the methods section. After running the optimizations, a 

simplification process was applied where, for each solution, deletions that were not 

directly contributing for any of the objective functions were also ignored. 
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In the next step, the reaction-based solutions were converted to their gene-based 

equivalents. This process was undertaken in an automatic fashion by considering the GPR 

information available in the model. 

Finally, every solution in each collection of gene-based ME strategies (one for each target 

product) was evaluated against a set of metrics intended to support the chassis analysis 

stage, including: 

• pFBA predicted growth and substrate uptake; 

• FVA predicted range of variability of the target compound production; 

• Biomass-Product Coupled Yield (𝐵𝑃𝐶𝑌)(e3.1), a metric resembling productivity 

[11], defined as: 

(e3.1)                                 𝐵𝑃𝐶𝑌(𝑉) =  
𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠×𝑣𝑝𝑟𝑜𝑑𝑢𝑐𝑡

𝑣𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒
 ,  

 

where V is the flux distribution of a particular solution and 𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠  , 𝑣𝑝𝑟𝑜𝑑𝑢𝑐𝑡 and 

𝑣𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒  are the fluxes being carried over the biomass, target product and 

substrate reactions, respectively; 

• Carbon Yield (𝐶𝑌𝐼𝐸𝐿𝐷)(e3.2), the yield of target production to substrate 

consumption, normalized by the carbon content of the respective compounds: 
 

(e3.2)                               𝐶𝑌𝐼𝐸𝐿𝐷(𝑉) =  
𝑣𝑝𝑟𝑜𝑑𝑢𝑐𝑡 × 𝐶𝑝𝑟𝑜𝑑𝑢𝑐𝑡

𝑣𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒 × 𝐶𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒
,  

 

where 𝐶𝑝𝑟𝑜𝑑𝑢𝑐𝑡 and 𝐶𝑠𝑢𝑏𝑠𝑡𝑟𝑎𝑡𝑒  correspond to the carbon content of a molecule of 

the product and substrate compounds, respectively. 

• Cost of implementing a solution (COST), corresponding to the number of genes 

that compose a solution, a simplified metric to evaluate the time and financial cost 

of a wet lab implementation of such solution (assuming that a higher number of 

combined knockouts is increasingly expensive to implement and more likely to 

become experimentally infeasible). 

At the end of this stage, none of the solutions that have passed the simplification and 

aggregation stages are discarded. The results compiled for each of the target products 

were then analyzed together to find common chassis.  
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3.3.1.2 Chassis analysis stage 

The chassis analysis stage began by a gene frequency analysis, where the occurrence of 

each gene in each of the target product’s solution set was accounted for. Afterwards, a 

global score for each gene (𝑔𝑠𝑐𝑜𝑟𝑒)(e3.3) across all the target products was computed 

using the following scoring function: 

(e3.3) 𝑔𝑠𝑐𝑜𝑟𝑒(𝑔) = [∑ 𝑓𝑟𝑒𝑞(𝑔𝑡)𝑡∈𝑇 ] × [∑ 𝑥𝑔,𝑡 ,  𝑤ℎ𝑒𝑟𝑒 𝑥𝑔,𝑡 = {
1, 𝑖𝑓 𝑓𝑟𝑒𝑞(𝑔𝑡) > 0

0, 𝑖𝑓 𝑓𝑟𝑒𝑞(𝑔𝑡) = 0
 𝑡∈𝑇 ]  

 

where 𝑔 is a gene, 𝑇 = {𝐹𝐴, 𝑆𝐴, 𝑀𝐴} is the set of target products, 𝑓𝑟𝑒𝑞(𝑔𝑡) is the 

frequency of gene 𝑔 in the target 𝑡 solution set, and 𝑥𝑔,𝑡 is a binary variable for gene 𝑔 in 

target 𝑡 that takes the value 1 if  𝑓𝑟𝑒𝑞(𝑔𝑡) is positive, or 0 otherwise. This equation 

translates into the sum of the frequencies for a gene across all the targets, being 

multiplied by the number of targets for which its frequency is different than zero, 

increasing the score of genes that occur for multiple targets.  

In the third step, the genes were sorted according to their scores and the top scoring 

genes were selected for chassis generation. In this work, the top 30% were used. With the 

top scoring genes, multiple candidate chassis were generated by computing all the 

possible combinations of those gene deletions up to size 4. 

Also, using the previously calculated results (Compiled Results), all the solutions were 

organized in groups, where the criterion for each group is having a common chassis 

among them. In this stage, low performing solutions can be discarded by user-defined 

parameters. In the chosen case studies, only solutions with at least 95% of the maximum 

CYIELD found for their respective target product were considered. 

Finally, a chassis score (𝑐𝑠𝑐𝑜𝑟𝑒) (e3.4) is also computed: 

(e3.4)                                  𝑐𝑠𝑐𝑜𝑟𝑒(𝑐) =  ∑
max [𝐶𝑌𝐼𝐸𝐿𝐷𝑆(𝑆𝑡,𝑐)]

min [𝐶𝑂𝑆𝑇𝑆(𝑆𝑡,𝑐)]𝑡∈𝑇 , 

 

where 𝑐 is the chassis, CYIELDS and COSTS are functions that return, respectively, a vector 

of CYIELD and COST values for a set of solutions, and 𝑆𝑡,𝑐 is the set of solutions for target 

product 𝑡 containing chassis 𝑐. This scoring function promotes chassis that are valid for 

multiple target products and balances the score by diving the maximum CYIELD scoring 



In silico modular design of yeast cell factories  

PhD Thesis | Hélder Lopes 69 

solution by the minimum COST scoring solution in each set 𝑆𝑡,𝑐. This score is only used to 

sort the chassis and present the most interesting ones first for analysis purposes, it is not 

used to exclude any chassis or solution.  

The final result is a list of chassis and respective solutions for each of the target products, 

sorted by their 𝑐𝑠𝑐𝑜𝑟𝑒. 

3.3.1.3 Manual curation stage  

Even though the described strain design process has been developed using a 

computational systematic approach, in this study a manual curation of the solutions 

containing the top scored chassis, i.e., the set of gene deletions which lead to improved 

production of the target bioproducts was also performed. Besides the metrics applied in 

the optimization stage, the publicly available phenotype data information from the 

Saccharomyces Genome Database (SGD) and respective literature [38] was also taken into 

account. This information was used either to validate some solutions or discard a priori 

physiologically unfeasible ones that were not predicted in the optimization stage, thus 

enabling the exclusion of solutions containing gene knockouts with strong probabilities of 

compromising cell viability. 

3.3.2 Identification of potential solutions 

Multiple gene deletion strategies with a common chassis towards improved production 

of FA, SA and MA were generated using the described strain design framework, based on 

a multi-criteria approach (see Supplementary Information for detailed results).  

Figure 3.3 depicts the most frequent gene candidates for deletion across the three 

considered target compounds, based on the clustering procedure described in the 

methods section. Based on this preliminary analysis, ZWF1, encoding glucose-6-

phosphate dehydrogenase, which is the first enzyme to act in the pentose phosphate 

pathway (PPP) during the conversion of glucose-6-phosphate to phosphogluconate [39], 

as well as SER3 and SER33 (3-phosphoglycerate dehydrogenase isozymes), which catalyze 

the first step in serine and glycine biosynthesis from glycolysis intermediates, are 

suggested, from the outset, as possible knockout candidates to form a chassis strain 
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towards enhanced biosynthesis of the three considered C4-dicarboxylic acids. The 

developed strain design framework also suggested the triple knockout of PDC1, PDC5 and 

PDC6, that code for pyruvate decarboxylase functional isozymes, as a possible chassis cell 

to achieve the desired phenotype (Figure 3.3). However, while inactivation of pyruvate 

decarboxylase completely eliminates alcoholic fermentation, there is experimental 

evidence that pyruvate decarboxylase-negative strains fail to grow on minimal medium 

containing glucose as the sole carbon source even during fully respiratory conditions [40]. 

This type of suggestions are made, in part, because stoichiometric network models cannot 

capture some regulatory implications, such as the Crabtree effect, often leading to 

combinations of knockouts that are biologically infeasible [9]. Nevertheless, this possible 

chassis strain could also be an interesting candidate strategy to test since directed 

evolution strategies already proven to help tackling these limitations, generating pyruvate 

decarboxylase-negative strains that are actually capable of growing in synthetic medium 

with glucose as the sole carbon source [41]. 

This genetic platform design strategy is based on the search of a stoichiometrically 

growth-coupled strain, meaning that target compounds must be exported or accumulated 

in order to reach the optimal growth state. Since these compounds are derived from the 

TCA cycle, some additional knockouts are intuitively needed to disrupt the cycle and force 

S. cerevisiae to excrete the metabolite located at the end of the broken cycle, which is not 

a native process in baker’s yeast under aerobic conditions and using glucose as carbon 

source. This is also illustrated in Figure 3.3, where genes encoding the interconversion of 

metabolites in the TCA cycle are highlighted, including succinate dehydrogenase (SDH-

complex: SDH1, SDH2, SDH3 and SDH4), fumarate hydratase (FUM1) and malate 

dehydrogenase (MDH1 and MDH2) along with MAE1 (which catalyzes the oxidative 

decarboxylation of malate to pyruvate), for succinate, fumarate and malate improved 

production, respectively. Detailed analysis of these gene deletion strategies will be 

conducted in the next subsections, including their impact in carbon flux redistribution on 

different metabolic pathways.  
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Figure 3.3. Heatmap resulting from the hierarchical clustering procedure. The heatmap represents 

gene clusters (in the rows) computed over the gene frequencies for each of the target products: 

malic acid (MA), fumaric acid (FA) and succinic acid (SA). The color key gradient represents the 

frequency of a given gene in a target product solution set. Yellow represents low frequency and 

red represents high frequency. Frequencies below 20% were excluded a priori. The chassis 

backbone is represented in grey (SER3, SER33 and ZWF1) and the remaining three clusters (blue, 

brown and orange) translate into the modular deletions to be added on top of the chassis 

backbone, for each of the target producing strains, as illustrated in the right part of the picture. 

3.3.3 Assessment of the top scored solutions 

In order to find out the gene knockouts that contribute most for a growth-coupled 

producing strain, the individual contribution of each knockout to the overall solution was 

also assessed, as well as the underlying flux changes. Based on this analysis, some genetic 

targets that do not present any evident contribution to the desired phenotype, i.e., when 

the knockout of a candidate gene does not produce a significant impact on the amount of 

flux that is redirected towards SA, FA or MA production, were excluded from further 

characterization. For example, as shown in Tables S3.2, S3.3 and S3.4 (Supplementary 

Information), by deleting in silico MET2 (homoserine O-acetyltransferase), which was also 

suggested by the developed strain design framework as a candidate gene target for 

devising the desired chassis cell, or IRC7 (beta-lyase involved in the production of thiols), 
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appointed as a genetic target towards MA overproduction (Supplementary Information: 

Table S3.4), it was observed an increment in BPCY and CYIELD values that is lower than 

1%. Moreover, there is also no clear evidence in the literature that by deleting these genes 

it could be possible to obtain better yields in vivo. So, it was decided to exclude these 

genetic targets from the final suggested solutions presented in this study (Figure 3.4A).  

 

 

Figure 3.4. Representation and characterization of the predicted gene deletion targets for C4-

dicarboxilic acids production using pFBA and iMM904. Panel A) illustrates the proposed strategy, 

encompassing one of the predicted chassis strain (deletion of ZWF1, SER3 and SER33) as well as 

the additional knockouts required for succinate (SDH-complex), fumarate (FUM1) and malate 

(MDH1, MDH2 and MDH3) production. Panels B), C) and D) show the growth-coupling impact of 

the predicted knockouts on the succinate, fumarate and malate production, respectively, in terms 

of product yield and biomass yield. Only combinations of knockouts shown to have a meaningful 

impact on the target product flux are displayed. WT stands for wild-type and MSK stands for 

“minimal set of knockouts” required for a minimal production of malate.  

 

The flux that is being redirected towards FA by merely knocking-out FUM1 results mainly 

from pathways related to aspartate and nucleotide synthesis, which are required for 

biomass formation. Fumaric acid is a byproduct of the pathways used to produce these 

essential compounds and, in the wild-type organism, it would be reassimilated in the citric 
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acid cycle using FUM1. The deletion of this gene prevents the reassimilation of FA and 

consequently results in the excretion of a minimal amount of this metabolite (Figure 3.4C).  

The same scenario is verified when analyzing the MA case, where a triple knockout - 

MDH1, MDH2 and MAE1 - is shown to be required for a minimum production of MA (Fig 

3d). In this case, since FA can be converted to MA, there is the need to inactivate the 

malate dehydrogenase activity as well as the oxidative decarboxylation of malate to 

pyruvate, to allow a basal malate accumulation, resulting from the abovementioned 

pathways.  

For the SA case, the basal flux obtained from the deletion of the SDH-complex is much 

lower in comparison to the other organic acids (Figure 3.4A). Since the flux observed for 

FA originates from peripheral pathways, and this flux can be reassimilated in the presence 

of fumarase and malate dehydrogenase, this flux is not redirected to succinate production 

by knocking out the SDH-complex.  

A common observation in all the in silico strains tested for deletions in the TCA cycle was 

that the flux in this pathway decreases drastically when one of its enzymes is inactivated. 

Under these circumstances, the carbon flux is mainly redirected to the PPP, meaning that 

in silico there is no clear advantage for the cell to use the TCA cycle for energy production 

when one of its components is missing. So, interestingly, the deletion of genes that 

interrupt the TCA cycle do not translate per se into a significant yield of any of its 

intermediates. 

However, analyzing Figure 3.4B, one can see that the deletion of the SDH-complex along 

with ZWF1 leads to over 95% of the product yield obtained by deleting all the suggested 

target genes for succinate overproduction (SDH-complex+SER3+SER3+ZWF1). The same 

scenario was verified when analyzing the fumarate (Figure 3.4B) and malate cases (Figure 

3.4C), meaning that ZWF1, in particular, has a significant contribution to the biomass-

coupled production of SA, FA and MA, when combined with the gene knockouts that 

interrupt the TCA cycle to allow the excretion of these target products. In turn, the 

additional deletion of SER3/SER33, along with the above-mentioned genes, resulted in a 

flux increase of over 3% for all target compounds, which, although modest, is still a 

relevant increment. Furthermore, these additional knockouts have a minimal impact in 
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the biomass yield (less than 3% decrease compared to the combination of knockouts 

mentioned before).  

Even though it is not possible to produce these compounds at the biomass growth rate of 

the original organism, the suggested deletion strategies lead to a very satisfactory product 

yield of nearly half of the maximum theoretical value for SA, FA, and MA (0.98, 0.97 and 

1.12 g product /g glucose, respectively) with a clear trend of biomass decrease of about one 

third of the reference wild-type strain across the three compounds (Figure 3.4). 

3.3.4 Effect of the predicted knockouts 

In general, C4-dicarboxylic acids may result at least from two major metabolic pathways: 

the oxidative TCA cycle (under aerobic conditions) or the reductive branch of the TCA cycle 

(under anaerobic conditions). The former consists in the conversion of acetyl-CoA and 

oxaloacetate to citrate and, subsequently, decarboxylation of this compound into 

succinate, with a net production of CO2, NADH, and GTP (ATP) [42]. Under aerobic 

conditions, succinate is subsequently consumed by the succinate dehydrogenase complex 

to equimolar fumarate, producing FADH2. In turn, fumarate is subsequently hydrated by 

fumarase to produce malate.  

The candidate ME strategies presented here for the enhanced production of organic acids 

are based on the disruption of the cyclic behavior of the citric acid cycle. By inactivating 

the succinate dehydrogenase, fumarase or malate dehydrogenase it is possible to break 

the citric acid cycle and induce the accumulation of succinate, fumarate and malate 

respectively.  

However, as discussed before, the interruption of the citric acid cycle is not enough in 

silico on its own to induce the accumulation of these organic acids. In order to force the 

cell to excrete succinate, fumarate or malate it is also necessary to inactivate the oxidative 

branch of the pentose phosphate pathway (PPP) by knocking-out glucose-6-phosphate 

dehydrogenase (ZWF1). In the absence of the oxidative PPP, ribose-5-phosphate (R5P) 

and erythrose 4-phosphate (E4P), which are important biomass precursors, must be 

obtained through a reversal of the non-oxidative part of this pathway, as predicted using 

the iMM904 GSMM. The inactivation of the oxidative PPP is necessary because in silico 

this pathway can function as a cycle that decarboxylates glucose and yields two molecules 
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of reducing equivalents (NADPH). The reducing power generated as NADPH can then be 

converted to NADH and used to generate ATP in the oxidative phosphorylation pathway 

in the mitochondria.  

Although S. cerevisiae does not possess any gene coding for transhydrogenase activity, in 

silico there are several transhydrogenation cycles that can be formed by multiple 

enzymes, to buffer redox changes in the cell. One example of this behavior can be 

catalyzed by the simultaneous activity of the NADPH-dependent glutamate 

dehydrogenase (GDH1) and the NADH dependent version of the same enzyme (GDH2). 

Therefore, as illustrated in Figure 3.5 where the succinate case is highlighted, the core of 

this ME strategy is that it is necessary to inactivate the oxidative PPP to force the cell to 

use the citric acid cycle for energy production (as reduced cofactors and ATP) after 

disruption. Since the TCA cycle is disrupted, S. cerevisiae is forced to excrete the 

metabolite located at the end of the broken cycle.  

Additionally, the deletion of SER3/SER33 encoding 3-phosphoglycerate dehydrogenase 

leads to the disruption of serine synthesis via 3-phosphoglycerate (3PG). Since L-serine 

and glycine are amino acids required for cell growth, they are then produced through an 

alternative biosynthesis route, which may also contribute to a higher flux toward cytosolic 

succinate. Basically, this mutation leads to a further increase of the succinate flux by 

coupling serine formation to glycine production via the glyoxylate shunt, which operates 

as a cycle to convert acetyl-CoA into succinate and glyoxylate, while maintaining a high 

growth rate, as demonstrated by Otero and colleagues in a similar model-guided ME 

strategy to produce succinate [20]. 
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Figure 3.5 Overview of the in silico strain design for growth-coupled succinate production.  

Metabolic fluxes were predicted in Optflux v3.2.8 by maximizing biomass production (pFBA) and 

using the iMM904 model during respiratory growth on glucose. Knockouts obtained using the 

developed strain design framework are shown in red font and reaction steps carrying no flux are 

shaded grey. The predicted flux is correlated with arrow width, while dashed lines represent 

lumped reactions. Metabolite abbreviations: G6P, glucose-6-phosphate; F6P, fructose-6-

phosphate; FDP, fructose-1,6-diphosphate; G3P, glyceraldehyde-3-phosphate; 3PG, 3-

phosphoglycerate; DHAP, dihydroxyacetone phosphate; 6PDG, 6-phospho-D-gluconate; RU5P, 

ribulose-5-phosphate; XU5P, xylulose-5-phosphate; R5P, ribose-5-phosphate; S7P, 

sedoheptulose-7-phosphate; E4P, erythrose-4-phosphate; 3PHP, 3-phospho-hydroxypyruvate; 3-

P-serine, 3-phosphoserine. 

 

According to this strategy, the main flux towards succinate production is derived from the 

oxidative branch of the TCA cycle (about 90% of the total flux), while only about 10% is 

derived from the glyoxylate cycle (Figure 3.5).   

Theoretically, the use of reductive TCA cycle pathway could provide the double yield per 

mole of glucose than the oxidative TCA cycle. So, further improvements to the proposed 

strategy could be implemented to find new targets that could eventually force the organic 

acids production via reductive pathway (by testing anaerobic conditions during the in 

silico optimization procedure). However, the anaerobic metabolism provides less ATP for 

maintenance and active transport processes. Besides, the redox balance is complex, 
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which could also bring additional challenges. In addition, there are studies demonstrating 

that engineered strains for FA and SA oxidative production are stable during the 

fermentation process and resulted in significant product concentrations at interesting 

yields [43,44]. The suggested strategies can be combined with other evidences present in 

literature, such as the overexpression of gene HAP4, which was proven to redirect the flux 

towards the TCA cycle and respiration [45]. 

3.3.5 Validation of solutions 

The deletion of SDH genes has previously been shown to increase succinate titers in 

aerobic S. cerevisiae cultures [46,47], presumably via interruption of the TCA cycle. 

Additionally, a previous study by Otero and co-workers also reported the knockout of 

SER3/SER33 and SDH3 as genetic targets resulting from a model-guided ME strategy for 

improved succinate production, which resulted in a 30-fold improvement in succinate 

titer and a 43-fold improvement in succinate yield on biomass, after a process of directed 

evolution [20].  

In turn, FUM1 knockout is also widely reported in the literature as a target gene towards 

fumarate overproduction, with little influence on S. cerevisiae growth [21,43]. Actually, 

when using LMOMA to simulate the mutant phenotypes, it is observed that a significant 

amount of flux is already being directed towards SA, FA or MA by just deleting the 

respective genes that break the TCA cycle, as shown in Table S3.5 (Supplementary 

Information), meaning that this may be the immediate effect of these perturbations in 

vivo. 

Among the genetic targets suggested in this study, ZWF1 knockout was found to have in 

silico a high impact on growth-coupling production of the three organic acids, as discussed 

before. ZWF1 was also previously identified in silico as a gene deletion target for succinate 

overproduction [11]. Moreover, a recent model-guided ME strategy identified ZWF1 as a 

genetic target for improved yeast production of tyrosine using CEN-PK strains [48] and, 

conversely to what happened in previous studies involving other ZWF1 negative strains, 

where methionine supplementation has been shown to be necessary for cell growth 

[49,50], the ZWF1 negative strains used in that study were able to grow in minimal 

medium containing glucose. Nevertheless, according to the authors, knocking-out ZWF1 
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did result in a reduction of the maximum specific growth rate (in accordance to what was 

predicted here), which could also be recovered with methionine supplementation. Null 

mutants in ZWF1 are catalogued as viable, but display increased sensitivity to oxidizing 

agents [51]. As mentioned before, this gene encodes the first enzyme to act in the PPP. 

Since the manipulation of the oxidative PPP, and consequently of the NADPH pools, has a 

significant impact throughout metabolism, it is recommended to further test possible 

mechanisms which may alleviate the effects of NADPH depletion before eventual wet lab 

experiments. The possibility of down regulating this gene, instead of completely 

inactivating its function, should also be taken into account.  

Besides the use of literature data to validate the chosen solutions, their fitness across 

different models (iMM904, iND750 and Yeast6) and simulation methods (pFBA and 

LMOMA) was also assessed. There is a strong similarity of CYIELD and BPCY values among 

different models and simulation methods, for the fumarate case. However, some 

discrepancies regarding the other two studied compounds were found (Supplementary 

Information: Table S3.6). Nevertheless, one must be aware that the cellular objective of 

the two applied methods is different: while LMOMA was developed to predict the flux 

distribution of a mutant strain that would minimize the change from the wild-type FBA 

flux distribution, (p)FBA solves for maximizing growth. In fact, it was demonstrated that, 

in time, cells will evolve from the minimized flux redistribution predicted by LMOMA to 

the FBA solution [52], since it takes time for the organism to re-organize fluxes to 

optimally circumvent the effect of the knockouts, thus meaning that an adaptive evolution 

process may be needed using the suggested ME strategies. 

3.4 Conclusions and future perspectives 

An innovative rational strain design framework has been developed based on a modular 

design principle and applied to the select ME targets for the improved production of three 

industrially relevant organic acids. Using a GSMM of S. cerevisiae, several candidate 

chassis strains with a common backbone of genetic modifications pre-optimized for the 

production of organic acids by this eukaryotic microorganism were identified in silico. 

However, the analysis performed here is still lacking experimental validation, which was 

implemented afterwards (next Chapter). Although the number of GSMMs and reported 
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model-driven ME strategies have been increasing in the last years [53], one must be aware 

that model prediction inaccuracies are often inevitable, due to limitations in both models 

and simulation tools. Regarding modeling limitations, the introduction of a regulatory 

layer on the used yeast model, by incorporating, for example, vast information present 

on SGD [38], may eventually lead to more accurate predictions and consequently to even 

more successful in silico aided ME strategies. Nevertheless, as demonstrated here, 

GSMMs, when combined with constrained-based optimization algorithms can still provide 

valuable insight into non-intuitive strain design strategies. Moreover, it is important to 

note that, in the optimization procedure proposed here, only gene deletions have been 

addressed. Further developments and improvements of this strain design platform may 

also include other genetic perturbations, such as up and down regulation of genes and 

the introduction of heterologous pathways, which can also lead to the desired phenotype 

and were not taken into consideration in this study.  

This study intends to function as a proof of concept, showing that it is possible to generate 

in silico pre-optimized chassis strains of S. cerevisiae to overproduce families of 

industrially relevant products, based on a model-driven modular strategy. This strain 

design framework can be further applied to the production of other industrially relevant 

chemicals or other materials, such as products derived from acetyl coenzyme A, since a 

strain optimized for this precursor metabolite may serve as an interesting starting point 

for a wide range of products [54]. 

By moving away from the current one-product focused strain design, the application of 

the concept of chassis strain design illustrated here can greatly decrease the resources 

needed to rationally develop novel improved cell factories, increasing the productivity of 

the research in industrial biotechnology.  
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Table S2. Contribution of each gene knockout for the succinate overproduction 
selected strategy (extended analysis).  

Table S3. Contribution of each gene knockout for the fumarate overproduction 
selected strategy (extended analysis) 

Table S4. Contribution of each gene knockout for the malate overproduction selected 
strategy (extended analysis). 

Table S5. Impact of each gene deletion in the selected solutions using LMOMA and the 
iMM904 model.  

Table S6. Analysis of the in silico productivity values using different Saccharomyces 
cerevisiae GSMMs and simulation methods.  

 

Additional information:  

All the multiple gene deletion strategies for the improved production of succinic, fumaric 

and malic acid that were generated using the described strain design framework are 

available upon request at http://mendel.di.uminho.pt/deyeastchassis.  
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Table S3.1 List of modifications to the original Yeast 6 model. 

Modification Details Source/Justification 

Added reaction r_4039 
acetate_m + succinyl_CoA_m<---->succinate_m + 
acetyl_CoA_m 

imported from Yeast 7.11  

Modified r_0718 
NADP_m + S_malate_m----->NADPH_m + pyruvate_m + 
carbon_dioxide_m 

updated according to Yeast 
7.11  

Modified r_0773 
NADH_m + H_m + ubiquinone_6_m-----> NAD_m + 
ubiquinol_6_m 

updated according to Yeast 
7.11 

Modified r_0226 
4 H_c + 1 ADP_m + 1 phosphate_m -----> 3 H_m + 1 
H2O_m + 1 ATP_m 

updated according to Yeast 
7.11 

Modified r_2129 H_m <----- H_c 
updated according to Yeast 
7.11  

Modified r_1110 ADP_c + ATP_m <----> ATP_c + ADP_m 
updated according to Yeast 
7.11  

Modified r_0470 
NAD_c + H2O_c + L_glutamate_c -----> H_c + NADH_c + 
ammonium_c + 2_oxoglutarate_c 

updated according to Yeast 
7.11  

Removed r_0303 citrate_c -----> H2O + cis_aconitate_c 
updated according to Yeast 
7.11 

Removed r_0338 
ubiquinone_6_m + S_dihydroorotate_c -----> 
ubiquinol_6_m + orotate_c 

updated according to Yeast 
7.11  

Removed r_0339 
oxygen_c + S_dihydroorotate_c -----> 
hydrogen_peroxide_c + orotate_c 

updated according to Yeast 
7.11  

Removed r_2127  NAD_c + S_dihydroorotate_c -----> NADH_c + orotate_c 
updated according to Yeast 
7.11 

Modified r_1254 H_e + pyruvate_e <----> H_c + pyruvate_c 
updated according to Yeast 
7.11  

Gene rule update 
r_0530 

(YPL252C AND YDR376W) or (YPL252C AND YDR376W 
AND YER141W)  

updated according to Yeast 
7.11  

Updated biomass 
reaction r_4041 

Add 1.0E-6 * chitin_c and 1.0E-6* heme_a_m to reactants 
updated according to Yeast 
7.11 

Gene rule update 
r_0076 

(YER037W or YGL224C) 
updated according to Yeast 
7.11  

Gene rule update 
r_0078 

(YER037W or YGL224C) 
updated according to Yeast 
7.11  

Gene rule update 
r_1619 

YER037W 
updated according to Yeast 
7.11  

Removed r_0333 
phosphate_c + 2_deoxyuridine_c <----> uracil_c + 
2_deoxy_D_ribofuranose_1_phosphate_c 

updated according to Yeast 
7.11  

Removed r_0944 
phosphate_c + adenosine_c<----> 
alpha_D_ribose_1_phosphate_c + adenine_c 

updated according to Yeast 
7.11  

Removed r_0945 
phosphate_m + adenosine_m <----> adenine_m + 
alpha_D_ribose_1_phosphate_m 

updated according to Yeast 
7.11  

Removed r_0946 
phosphate_c + 2_deoxyadenosine_c <----> 
2_deoxy_D_ribofuranose_1_phosphate_c + adenine_c 

updated according to Yeast 
7.11  
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Table S3.1 (cont.) List of modifications to the original Yeast 6 model. 

Modification Details Source/Justification 

Removed r_0947 
phosphate_c + 2_deoxyguanosine_c <----> guanine_c + 
2_deoxy_D_ribofuranose_1_phosphate_c 

updated according to Yeast 
7.11  

Removed r_0948 
phosphate_c + 2_deoxyinosine_c <----> hypoxanthine_c + 
2_deoxy_D_ribofuranose_1_phosphate_c 

updated according to Yeast 
7.11  

Removed r_0952 
phosphate_c + xanthosine_c <----> 
alpha_D_ribose_1_phosphate_c + 9H_xanthine_c 

updated according to Yeast 
7.11  

Removed r_1044 
phosphate_c + thymidine_c <----> 
2_deoxy_D_ribofuranose_1_phosphate_c + thymine_c 

updated according to Yeast 
7.11  

Added reaction  
r_4045 

H2O_c + uridine_c -----> uracil_c + D_ribose_c imported from Yeast 7.11  

Gene rule update 
r_0888 

(YMR105C or YKL127W) 
updated according to Yeast 
7.11  

Gene rule update 
r_0907 

( (YMR278W or YMR105C) or YKL127W) 
updated according to Yeast 
7.11  

Modified r_0110 
H_c + coenzyme_A_c + acetate_c <----- H2O_c + 
acetyl_CoA_c 

As suggested in [27] 

Added reaction 
r_0234x 

NAD_c + zymosterol_intermediate_1c_c -----> H_c + 
NADH_c + carbon_dioxide_c + 
zymosterol_intermediate_2_c 

As suggested in [27] 

Added reaction 
r_0939x  

prephenate_c + NAD_c -----> NADH_c + 
3_4_hydroxyphenylpyruvate_c + carbon_dioxide_c 

As suggested in [27]  

Inactivated r_1840  
3_hydroxy_3_methylglutaryl_CoA_c <-----> 
3_hydroxy_3_methylglutaryl_CoA_m 

No data supporting such 
reaction 

Modified r_1117 H_c + L_aspartate_c -----> H_m + L_aspartate_m As suggested in [27] 
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All simulations presented in Tables S3.2-S3.4 were performed in Optflux  v3.2.8 using the modified 

version of the iMM904 model (see materials and methods) and the pFBA simulation method and 

CPLEX ILOG solver, with a glucose uptake rate of 1.15 mmol.gCDW.h-1. 

 
 
Table S3.2 Contribution of each gene knockout for the succinate overproduction selected 
strategy.  

  Succinate (iMM904; pFBA) 

Gene Deletion(s) Inactivated reaction(s) 

Biomass 
rate 1 

Succinate  
Flux 2 

BPCY 3 CYIELD 4 
Product 

Yield     
(Y P/S) 5 

Biomass 
Yield     

(Y X/S) 6 

Wild-type - 0.1062 0.00000 0.00000 0.00000 0.00000 0.51266 

SDH3 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+SER3 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+SER33 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+MET2 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_HSERTA 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+ZWF1 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2 0.0621 0.75267 0.04064 0.43633 0.28600 0.29973 

SDH3+SER3+MET2 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_HSERTA 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+SER33+MET2 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_HSERTA 0.0950 0.00006 0.00000 0.00003 0.00002 0.45853 

SDH3+SER3+SER33 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_PGCD 0.0918 0.00015 0.00001 0.00009 0.00006 0.44308 

SDH3+ZWF1+SER3 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2 0.0621 0.75267 0.04064 0.43633 0.28600 0.29973 

SDH3+ZWF1+SER33 
R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2 0.0621 0.75267 0.04064 0.43633 0.28600 0.29973 

SDH3+ZWF1+MET2 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2; 
R_HSERTA 0.0620 0.75307 0.04060 0.43656 0.28615 0.29925 

SDH3+SER3+SER33+
MET2 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_PGCD; 
R_HSERTA 0.0914 0.00015 0.00001 0.00009 0.00006 0.44115 

SDH3+SER3+MET2+Z
WF1 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2; 
R_HSERTA 0.0620 0.75307 0.04060 0.43656 0.28615 0.29925 

SDH3+SER33+MET2+
ZWF1 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_G6PDH2; 
R_HSERTA 0.0620 0.75307 0.04060 0.43656 0.28615 0.29925 

SDH3+SER33+SER33
+ZWF1 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_PGCD; 
R_G6PDH2 0.0608 0.77816 0.04114 0.45111 0.29569 0.29346 

SDH3+SER3+SER33+
MET2+ZWF1 

R_SUCD1m; R_SUCD2_u6m; 
R_SUCD3_u6m; R_PGCD; 
R_G6PDH2; R_HSERTA 0.0606 0.78075 0.04114 0.45261 0.29667 0.29249 

 
1 h-1      4 C-mol succinate. C-mol glucose-1 

2 mmol.gCDW-1.h-1   5 g succinate. g glucose-1 

3 mol succinate. mol glucose-1.h-1  6 g CDW. g glucose-1 
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Table S3.3 Contribution of each gene knockout for the fumarate overproduction selected strategy. 

 
1 h-1      4 C-mol fumarate. C-mol glucose-1 

2 mmol.gCDW-1.h-1   5 g fumarate. g glucose-1 

3 mol fumarate. mol glucose-1.h-1  6 g CDW. g glucose-1 

  

  
Fumarate (iMM904; pFBA) 

Gene Deletion(s) Inactivated reaction(s) 

Biomass 
rate 1 

Fumarate  
Flux 2 

BPCY 3 CYIELD 4 
Product 

Yield     
(Y P/S) 5 

Biomass 
Yield     

(Y X/S) 6 

Wild-type - 0.1062 0.00000 0.00000 0.00000 0.00000 0.51266 

FUM1 R_FUM; R_FUMm 0.0936 0.03527 0.00287 0.02045 0.01317 0.45177 

FUM1+SER3 R_FUM; R_FUMm 0.0936 0.03527 0.00287 0.02045 0.01317 0.45177 

FUM1+SER33 R_FUM; R_FUMm 0.0936 0.03527 0.00287 0.02045 0.01317 0.45177 

FUM1+MET2 
R_FUM; R_FUMm; 
R_HSERTA 0.0935 0.03525 0.00287 0.02043 0.01317 0.45129 

FUM1+ZWF1 
R_FUM; R_FUMm; 
R_G6PDH2 0.0686 0.72404 0.04319 0.41973 0.27042 0.33111 

FUM1+SER3+MET2 
R_FUM; R_FUMm; 
R_HSERTA 0.0935 0.03525 0.00287 0.02043 0.01317 0.45129 

FUM1+SER33+MET2 
R_FUM; R_FUMm; 
R_HSERTA 0.0935 0.03525 0.00287 0.02043 0.01317 0.45129 

FUM1+SER3+SER33 
R_FUM; R_FUMm; 
R_PGCD 0.0906 0.10056 0.00792 0.05830 0.03756 0.43729 

FUM1+ZWF1+SER3 
R_FUM; R_FUMm; 
R_G6PDH2 0.0690 0.7175 0.04305 0.41594 0.26798 0.33304 

FUM1+ZWF1+SER33 
R_FUM; R_FUMm; 
R_G6PDH2 0.0690 0.7175 0.04305 0.41594 0.26798 0.33304 

FUM1+ZWF1+MET2 
R_FUM; R_FUMm; 
R_G6PDH2; R_HSERTA 0.0686 0.72444 0.04321 0.41997 0.27057 0.33111 

FUM1+SER3+SER33+MET2 
R_FUM; R_FUMm; 
R_PGCD; R_HSERTA 0.0902 0.10932 0.00857 0.06337 0.04083 0.43536 

FUM1+SER3+MET2+ZWF1 
R_FUM; R_FUMm; 
R_G6PDH2; R_HSERTA 0.0686 0.72444 0.04321 0.41997 0.27057 0.33111 

FUM1+SER33+MET2+ZWF1 
R_FUM; R_FUMm; 
R_G6PDH2; R_HSERTA 0.0686 0.72444 0.04321 0.41997 0.27057 0.33111 

FUM1+SER33+SER33+ZWF1 
R_FUM; R_FUMm; 
R_PGCD; R_G6PDH2 0.0675 0.75026 0.04404 0.43493 0.28021 0.32580 

FUM1+SER3+SER33+MET2+
ZWF1 

R_FUM; R_FUMm; 
R_PGCD; R_G6PDH2; 
R_HSERTA 0.0673 0.75292 0.04406 0.43648 0.28120 0.32483 
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Table S3.4 Contribution of each gene knockout for the malate overproduction selected strategy. 

  Malate (iMM904; pFBA) 

Gene Deletion(s) Inactivated reaction(s) 

Biomass 
rate 1 

Malate  
Flux 2 

BPCY 3 
CYIELD 

4 

Product 
Yield     

(Y P/S) 5 

Biomass 
Yield     

(Y X/S) 6 

Wild-type - 0.1062 0.00000 0.0000 0.0000 0.00000 0.51266 

MSK 
[MDH1+MDH2+ 
MAE1] 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+SER3 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+SER33 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+MET2 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA 0.0931 0.03505 0.0028 0.0203 0.01512 0.44936 

MSK+IRC7 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_THRAi; R_THRA2i 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+ZWF1 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_G6PDH2 0.0619 0.76549 0.0412 0.4438 0.33028 0.29877 

MSK+MET2+SER3 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA 0.0931 0.03505 0.0028 0.0203 0.01512 0.44936 

MSK+MET2+SER33 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA 0.0931 0.03505 0.0028 0.0203 0.01512 0.44936 

MSK+SER3+GLY1 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_THRAi; R_THRA2i 0.0932 0.03985 0.0032 0.0231 0.01719 0.44984 

MSK+SER33+IRC7 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_THRAi; R_THRA2i 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+MET2+IRC7 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA; R_THRAi; 
R_THRA2i 0.0932 0.03507 0.0028 0.0203 0.01513 0.44984 

MSK+MET2+ZWF1 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA; R_G6PDH2 0.0619 0.76587 0.0412 0.4440 0.33045 0.29877 

MSK+ZWF1+SER3 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_G6PDH2 0.0619 0.76549 0.0412 0.4438 0.33028 0.29877 

MSK+ZWF1+SER33 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_G6PDH2 0.0619 0.76549 0.0412 0.4438 0.33028 0.29877 

MSK+SER3+SER33 
R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD 0.0903 0.03445 0.0027 0.0200 0.01486 0.43584 

MSK+SER3+SER33+
MET2 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_HSERTA 0.0899 0.03431 0.0027 0.0199 0.01480 0.43391 

MSK+SER33+SER33
+ZWF1 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_G6PDH2 0.0602 0.79314 0.0415 0.4598 0.34221 0.29056 

MSK+SER33+SER33
+IRC7 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_THRAi; 
R_THRA2i 0.0903 0.03445 0.0027 0.0200 0.01486 0.43584 

MSK+SER3+MET2+
IRC7 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA; R_THRAi; 
R_THRA2i 0.0927 0.04426 0.0036 0.0257 0.01910 0.44743 

MSK+SER33+MET2
+IRC7 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA; R_THRAi; 
R_THRA2i 0.0927 0.04426 0.0036 0.0257 0.01910 0.44743 

MSK+MET2+ZWF1
+IRC7 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_HSERTA; R_G6PDH2; 
R_THRAi; R_THRA2i 0.0616 0.7708 0.0413 0.4468 0.33258 0.29732 

MSK+SER33+SER33
+IRC7+MET2 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_THRAi; 
R_THRA2i; R_HSERTA 0.0895 0.04321 0.0034 0.0250 0.01864 0.43198 

MSK+SER33+SER33
+IRC7+ZWF1 

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_THRAi; 
R_THRA2i; R_G6PDH2 0.0602 0.79314 0.0415 0.4598 0.34221 0.29056 
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MSK+SER33+SER33
+IRC7+ 
MET2+ZWF1  

R_ME2m; R_ME1m; R_MDHm; 
R_MDH; R_PGCD; R_THRAi; 
R_THRA2i; R_HSERTA; 
R_G6PDH2 0.0597 0.8005 0.0416 0.4641 0.34539 0.28815 

 
1 h-1      4 C-mol malate. C-mol glucose-1 

2 mmol.gCDW-1.h-1   5 g malate. g glucose-1 

3 mol malate. mol glucose-1.h-1  6 g CDW. g glucose-1 

 

 

 
 
Table S3.5 Impact of each gene deletion in the selected solutions using LMOMA and the iMM904 
model. 

 

 Gene Deletion(s) Biomass rate 1 Target Flux 2 
BPCY 3 CYIELD 4 

Succinate 

SDH-complex * 0.00792 0.96589 0.00665 0.55994 

SDH-c+ZWF1 0.00000 1.01621 0.00000 0.58911 

SDH-c+SER3+SER33 0.00424 1.00873 0.00372 0.58477 

SDH-c+SER33+SER33+ZWF1 0.00000 1.09639 0.00000 0.63559 

Fumarate 

FUM1 0.03327 0.87633 0.02535 0.50802 

FUM1+ZWF1 0.02894 0.92834 0.02336 0.53817 

FUM1+SER3+SER33 0.03458 0.86465 0.02600 0.50125 

FUM1+SER33+SER33+ZWF1 0.02684 0.95174 0.02221 0.55173 

Malate 

MSK ** 0.01910 0.93368 0.01551 0.54126 

MSK+ZWF1 0.01050 0.12954 0.00118 0.07510 

MSK+SER3+SER33 0.01687 0.83475 0.01225 0.48391 

MSK+SER33+SER33+ZWF1 0.00788 0.98084 0.00672 0.56860 

 Wild-type 0.10622 0.00000 0.00000 0.00000 

 
1 h-1       4 C-mol target product. C-mol glucose-1 

2 mmol.gCDW-1.h-1    * SDH-c = SDH-complex 

3 mol target product. mol glucose-1.h-1  * MSK = MDH1+MDH2+MAE1 

 
All simulations presented in Table S3.5 were performed in Optflux v3.2.8 using LMOMA simulation 

method and CPLEX ILOG solver, with a glucose uptake rate of 1.15 mmol.gCDW.h-1. 
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Table S3.6 Analysis of the in silico productivity values using different Saccharomyces cerevisiae 

GSMMs and simulation methods. 

             CYIELD 1                        BPCY 2 

Target 
compounds 

Gene  
GSMM pFBA LMOMA pFBA LMOMA 

deletions  

Fumarate 

SER 3 

FUM1 

iMM904* 0.4349 0.5517 0.044 0.0222 

SER 33       iND750 0.4210 0.5331 0.0452 0.0209 

ZWF1 Yeast 6* 0.4657 0.584 0.0348 0.0069 

Succinate 

SER 3 

SDH2 

iMM904* 0.4511 0.6356 0.0411 0.0000 

SER 33       iND750 0.0603 0.5206 0.006 0.0000 

ZWF1 Yeast 6* 0.0411 0.6021 0.003 0.0000 

Malate 

SER3 MAE1 iMM904* 0.4598 0.5686 0.0415 0.0067 

SER33 MDH1 iND750 0.421 0.0452 0.0236 0.0009 

ZWF1 MDH2 Yeast 6* 0.0098 0.1885 0.0007 0.0000 

 

1 C-mol target product. C-mol glucose-1.h-1  

2 mol target product. mol glucose-1.h-1  

* Modified versions (see material and methods and Table S3.1) 

 
 

All simulations presented in Table S3.6 were performed in Optflux v3.2.8, using CPLEX ILOG solver, 

with a glucose uptake rate of 1.15 mmol.gCDW.h-1. 
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CHAPTER 4  
In vivo implementation of yeast chassis for dicarboxylic acids 

production 

 

 
 
The availability of pre-optimized chassis strains for production of different 

biotechnological products is crucial to overcome the cost and time burden still associated 

to cell factory development.  

In this Chapter, the most promising solutions coming from the rational strain design 

framework of chassis strains, developed within this thesis and described in the previous 

chapter, were implemented and the resulting strains were physiologically characterized 

in batch fermentations to test the validity of the simulations. In addition to the intuitive 

gene knockouts aimed at disrupting the TCA cycle, the developed metabolic engineering 

strategies contain a common backbone of non-intuitive targets in other pathways towards 

the enhanced production of succinic, fumaric and malic acid. These compounds are 

chemical building blocks that have received considerable attention in the past years due 

to their potential to replace petro-chemically derived materials. 

Although the experimentally observed yields are significantly lower than the 

computational predictions, the strains encompassing the chassis backbone produced 

more each one of the targeted products than those containing merely the gene deletion(s) 

responsible for the TCA cycle disruption. Therefore, a proof of concept of the chassis cell 

for overproducing these dicarboxylic acids in Saccharomyces cerevisiae has been 

established, to our knowledge, for the first time. 

Moreover, taking advantage of the growth-product coupling design, adaptive laboratory 

evolution was used to increase strain productivity through natural selection. 

Nevertheless, the cultivation of the evolved succinate producing strains in bioreactors 

revealed that carbon flux is being mainly redirected to acetate production due to redox 

imbalance issues, meaning that new rounds of metabolic engineering are required in 

order to overcome this imbalance and to achieve higher productivity. 
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The information presented in this Chapter is being prepared for submission to a peer 
reviewed journal: 
 
Lopes H, Pereira F, Maia P, Meyer B, Konstantidinis D, Kötter P, Patil KR, Rocha I. Yeast 
chassis for dicarboxylic acids production 
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4.1 Introduction 

C4-dicarboxilic acids, including succinic acid (SA), fumaric acid (FA) and malic acid (MA), 

are considered potential platform chemicals for the production of numerous high value-

added compounds. These three acids have received considerable attention after being 

classified by the US Department of Energy and the BREW Project among the most 

promising chemical building blocks that can be derived from biomass through microbial 

fermentation processes [1,2]. Due to their weak acid properties, C4-dicarboxylic acids are 

widely used as acidity regulators or flavor-enhancers in the food and beverage industry. 

Moreover, the presence of two carboxylic acid groups make these compounds interesting 

for polymer production with potential widespread applications in several other industries, 

including pharmaceutical, cosmetics, inks, animal feed/agriculture additives, among 

others [3–5]. For example, a decrease of SA cost would make this compound an important 

building block for the production of numerous industrially valuable chemicals, such as 1-

4 butanediol (a precursor for polyesters and textile fibres) and other organic solvents (e.g. 

tetrahydrofuran - THF), as well as gamma-butyrolactone (GBL, a precursor for pesticides, 

herbicides, and pharmaceuticals). Furthermore, its use can be extended to the production 

of biodegradable plastics, polyesters (e.g. polybutylene succinate – PBS) and polyamides 

(e.g. Nylon), besides the potential to replace the petrochemical-derived and broadly used 

adipic acid [6,7]. Currently, these C4-dicarboxylic acids are mainly obtained through 

chemical synthesis from maleic anhydride, which in turn is commonly produced from n-

butane or benzene. In the case of MA, it is produced as a racemic mixture of D-malic acid 

and L-malic acid, since pure L-malic acid (e.g for the production of pharmaceuticals) is 

produced from fumarate. When compared to these more conventional methods derived 

from petrochemical feedstocks, the current market for microbial organic acid production 

is still moderate and often associated with food applications [8,9]. However, the 

increasing efforts to achieve a rapid transition away from fossil fuels are boosting the 

market for bio-based production of organic acids [5].  

There are several natural producers of SA, FA and MA, as they are key intermediates in 

the tricarboxlic acid (TCA) cycle. Bacterial (e.g. Anaerobiospirillum succiniciproducens, 

Actinobacillus succinogenes, Mannheimia succiniciproducens) and fungi species (e.g. 
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Fusarium, Aspergillus and Penicillium spp.) are known to naturally produce SA [8,9]. FA 

and L-malic acid are synthesized and accumulated in the medium mainly by filamentous 

fungi, including Aspergillus spp. and Rhizopus sp [4,12]. Nevertheless, these organisms 

either have complex nutritional requirements, with implications in the final cost and 

complicate downstream processing, or are not suitable platforms for large scale 

production due to their morphological structure (e.g. filamentous fungi) or because they 

do not possess a Generally Regarded as Safe (GRAS) status [8,13]. Moreover, for bacteria, 

the inability to grow at low pH is another drawback for the large-scale natural production 

of dicarboxylic acids since the undissociated form of these compounds occur mainly under 

these pH conditions, meaning that organisms more tolerant to acidic environments 

constitute interesting platforms to be engineered towards the overproduction of these 

compounds; also, the need for maintenance of neutral pH, besides the incidence of 

contaminations, could be significantly reduced in low pH environments [5]. The possibility 

to engineer microorganisms as potential cell factories has also contributed to broaden the 

bio-based organic acid market [14]. Accordingly, alternative producing hosts which do not 

naturally accumulate these target metabolites are being explored, with particular focus 

on Escherichia coli and Saccharomyces cerevisiae [9,12,15–18]. The yeast S. cerevisiae 

stands out as an interesting platform to overproduce SA, FA and MA since it grows as a 

unicellular fungi and has the additional advantage of growing at low pH. The array of 

available genetic and systems biology tools that greatly facilitates the metabolic 

engineering endeavors of this yeast, aimed at obtaining high rates and yields of desired 

target products, is also an important plus [19].  

Besides the potential to reduce the worldwide dependence on fossil fuels and the 

ecological footprint, as well as to be applied in a wide range of industries, the bio-based 

production of organic acids based on renewable carbon sources can be very efficient and 

yield higher purity; moreover, taking FA as example, although, from a productivity point 

of view, chemical synthesis is more favorable than a microbial fermentation process 

(112% w/w FA from maleic anhydride vs 85% w/w from glucose), FA resulting from the 

latter can be three times cheaper [4]. The increasing demand of these platform chemicals 

is also contributing to the growing commercial value of bio-based processes for their 

production. For example, the global SA market is expected to grow at a compound annual 
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growth rate (CAGR) of around 27.4% to reach USD 1.8 billion (>750.000 tons/year at USD 

2.3/kg) by 2025 [6]. Indeed, the demand of this organic acid has been stimulating the 

commercialization of bio-based SA with several companies (including Reverdia, 

BioAmber, Myriant and Succinity) already reaching the industrialization stage based on 

different proprietary engineered microorganisms [6]. 

Notwithstanding the described progresses, the achievement of high-quality strains 

capable of producing the desired compounds in a competitive manner is still considerably 

challenging. Currently, each target product still requires a very specific metabolic 

engineering strategy, which implicates substantial time and resources for engineering the 

host metabolism. Consequently, chassis cells, i.e., pre-optimized strains for the 

production of a range of molecules, may represent a major step towards economically 

competitive bioprocesses and have received considerable attention in recent years [20–

22]. Although examples of metabolic engineering of yeast to individually produce each 

one of these C4-dicarboxylic acids exist, to our knowledge, none platform strain pre-

optimized for the production of all of them in S. cerevisiae has yet been developed and 

tested. This strategy was first addressed from an in silico model-driven metabolic 

engineering perspective, as described in Chapter 4. Here, the most promising candidate 

strains with non-intuitive genetic targets were implemented in vivo and physiologically 

characterized. Although the final strains developed in this study would require additional 

rounds of metabolic engineering and bioprocess development before considering their 

potential commercialization, a proof of concept of the chassis cell idea using S. cerevisiae 

as cell factory platform for the overproduction of three different organic acids (SA, FA and 

MA) has been established for the first time. Moreover, this work demonstrates the 

potential of combining metabolic modeling with adaptive laboratory evolution in the 

design and optimization of yeast cell factories.  

4.2 Material and Methods 

4.2.1 Strains construction and maintenance  

Standard techniques and media for genetic modification of S. cerevisiae were used [23]. 

The S. cerevisiae strains used in this study (Table 4.1) have the CEN.PK genetic background 
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[24]. Strain CEN.PK119 was derived from crossing strains CEN.PK113-5D and CEN.PK113-

1A by zygote isolation using a SINGER micromanipulator. Deletion cassettes were 

obtained by the short flanking homology method [25] using pUG6, pUG74 or pUG75 as 

template [26] and the primers listed in Table 4.2. Yeast strains were transformed following 

[27]. Transformants were selected on solid YPD medium (1% yeast extract, 2% peptone, 

2% glucose, 1.5% agar; Formedium) supplemented with 200 mg/L G418 (formedium), 100 

mg/L nourseothricin (clonNat, Werner BioAgents) or 300 mg/L hygromycin B 

(Formedium). 

All single mutants were constructed by transforming the corresponding deletion cassette 

in the diploid strain CEN.PK119 (URA3/ura3-52; see Table 4.1). After tetrad analysis 

segregants of both mating types for URA3 and ura3-52 were isolated. Gene deletions of 

transformants and after tetrad analysis of haploid segregants were confirmed by 

diagnostic PCR using the primers listed in Table 4.2. Yeast strains having multiple deletions 

were constructed by crossing, starting with the single deletion strains. The mating types 

of the strains constructed in this study were determined by PCR using whole yeast cells 

according to Huxley et al. [28]. 

The strains were grown to stationary phase at 30 oC and 180 rpm agitation in shake flask 

cultures on YPD medium (10 g.L-1 of yeast extract, 20 g.L-1 of peptone, and 20 g.L-1 of 

glucose). Stock cultures were prepared by adding glycerol to the culture broth (final 

concentration 30% v/v) and stored in sterile vials at -80 oC. For YPD plates, 20 g.L-1 of agar 

was included in the medium formulation. Pre-cultures were inoculated from a single 

colony of plated frozen stocks.  

Table 4.1 Saccharomyces cerevisiae strains used in this study. 

Strain name 
Figurative 

Name a 
Genotype Deletions Source 

CEN.PK113-5D - 
MATa ura3-52 HIS3 LEU2 
TRP1 MAL2- 8c SUC2 

(wild-type) P. Kötterb 

CEN.PK113-1A - 
MAT URA3 HIS3 LEU2 TRP1 
MAL2- 8c SUC2 

(wild-type) P. Kötterb 

CEN.PK113-7D WT 
MATa URA3 HIS3 LEU2 TRP1 
MAL2- 8c SUC2 

(wild-type, reference strain) P. Kötterb 

CEN.BM283-4A C 
MAT URA3 HIS3 LEU2 TRP1 
MAL2- 8c SUC2 ser3Δ ser33Δ 

ser3(1,1240)::loxP-kanMX-loxP 

ser33(1,1090)::loxP-nat-loxP  

This 

study 
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Table 4.1 (cont) Saccharomyces cerevisiae strains used in this study. 

Strain name 
Figurative 

Name a 
Genotype Deletions Source 

CEN.BM315-

36A 
CZa 

MATa URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

zwf1Δ 

ser33(1,1090)::loxP-nat-loxP   

ser3(1,1240)::loxP-kanMX-loxP  

zwf1(41,1475)::loxP-kanMX-loxP 

This 

study 

CEN.BM274-4D S1 
MATa URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 sdh3Δ 
sdh3(1,540)::loxP-hph-loxP 

This 

study 

CEN.BM285-3C S 

MAT URA3 HIS3 LEU2 TRP1 

MAL2-8c SUC2 ser3Δ ser33Δ 

sdh3Δ 

ser3(1,1240)::loxP-kanMX-loxP  

ser33(1,1090)::loxP-nat-loxP  

sdh3(1,540)::loxP-hph-loxP 

This 

study 

CEN.BM315-

47C 
SZ 

MATa URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

sdh3Δ zwf1Δ 

ser33(1,1090)::loxP-nat-loxP   

sdh3(1,540)::loxP-hph-loxP  

ser3(1,1240)::loxP-kanMX-loxP  

zwf1(41,1475)::loxP-kanMX-loxP 

This 

study 

CEN.MY1-5B F1 
MATa URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 fum1Δ  
fum1(1,1050)::loxP-hph-loxP 

This 

study 

CEN.BM316-

11D 
F 

MAT URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

fum1Δ 

ser33(1,1090)::loxP-nat-loxP   

ser3(1,1240)::loxP-kanMX-loxP  

fum1(1,1050)::loxP-hph-loxP  

This 

study 

CEN.PK1400-

14D 
FZ 

MAT URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

zwf1Δ fum1Δ 

fum1(1,1050)::loxP-hph-loxP  

zwf1(41,1475)::loxP-hph-loxP 

ser3(1,1240)::loxP-kanMX-loxP 

ser33(1,1090)::loxP-nat-loxP 

This 

study 

CEN.PK1446-

13A 
M1 

MAT URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 mdh1Δ 

mdh2Δ mae1Δ 

mdh1(1,900)::loxP-nat-loxP 

mdh2(41,1259)::loxP-hph-loxP 

mae1(41,1269)::loxP-KanMX-loxP 

This 

study 

CEN.BM345-

19C 
M 

MAT URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

mdh1Δ mdh2Δ mae1Δ 

ser3(1,1240)::loxP-kanMX-loxP  

ser33(1,1090)::loxP-nat-loxP  

mdh1(1,900)::loxP-nat-loxP 

mdh2(41,1094)::loxP-hph-loxP 

mae1(41,1269)::loxP-hph-loxP 

This 

study 

CEN.BM346-

15C 
MZ 

MATa URA3 HIS3 LEU2 TRP1 

MAL2- 8c SUC2 ser3Δ ser33Δ 

zwf1Δ mdh1Δ mdh2Δ mae1Δ 

zwf1(41,1475)::loxP-kanMX-loxP 

ser3(1,1240)::loxP-kanMX-loxP  

ser33(1,1090)::loxP-nat-loxP  

mdh1(1,900)::loxP-nat-loxP 

mdh2(41,1094)::loxP-hph-loxP 

mae1(41,1269)::loxP-hph-loxP 

This 

study 

a Strain name that will be used hereinafter, where the letter “C” stands for chassis, “S” for succinate, “F” for fumarate, 
“M” for malate and “Z” indicates the deletion of the ZWF1 gene in the strain genotype.  
b Institut für Mikrobiologie, der Johan Wolfgang Goethe-Universität, Frankfurt am Main, Germany (EUROSCARF). 
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Table 4.2 List of the primers used in this study 

Name  Sequence 5’ → 3’ 

Primers for deletion-cassette amplification 

SDH3-F1 ACCAAAAATTGCCAATCACAAGCTCTAAGAATAATAAACGCAGCTGAAGCTTCGTACGC 

SDH3-R1 AAGTACCGAGAACGGCGGTGAAACCAATGAGAGCGTAACCGCATAGGCCACTAGTGGATCTG 

FUM1-F1 TCCATAAAGTCTAACTATTAAACGGATAAGAGATACAATCCAGCTGAAGCTTCGTACGC 

FUM1-R1 AGATTTAGTCAACAACTCATGAATACGAGGCTCATTGGCTGCATAGGCCACTAGTGGATCTG 

SER3-F1 ATACAGAACTCTATAAAGAACCACAGAAAAATCGACAGCACAGCTGAAGCTTCGTACGC 

SER3-R1 ATTGCTTTTCGATGTTATGGTTCGATAAAATATCATTGAGCATAGGCCACTAGTGGATCTG 

SER33-F1 AAAAGTAACAAACACTGATTTCGGGTATTTCCTCCCTAACCAGCTGAAGCTTCGTACGC 

SER33-R1 ACAGAGTTACCTTCATTGATGTATTTGGACAATGCAGTAGGCATAGGCCACTAGTGGATCTG 

ZWF1-S1 ATGAGTGAAGGCCCCGTCAAATTCGAAAAAAATACCGTCACAGCTGAAGCTTCGTACGC 

ZWF1-S2 ATTATCCTTCGTATCTTCTGGCTTAGTCACGGGCCAAGCGGCATAGGCCACTAGTGGATCTG 

MAE1-S1 ATGCTTAGAACCAGACTATCCGTTTCCGTTGCTGCTAGATCAGCTGAAGCTTCGTACGC 

MAE1-S2 GGGCGGGAGTGGAGTTAGCCTCGTAAGATTGTAGAATTAAGCATAGGCCACTAGTGGATCTG 

MDH1-F1 AAGAAAAAAAACAAAAGGAAAAGGAAGGATACCATATACACAGCTGAAGCTTCGTACGC 

MDH1-R1 GTAGCATTTCTTCTTCTTCTGAAGATAACTCACCTATTGGGCATAGGCCACTAGTGGATCTG 

MDH2-S1 ATGCCTCACTCAGTTACACCATCCATAGAACAAGATTCGTCAGCTGAAGCTTCGTACGC 

MDH2-S2 TTAAGATGATGCAGATCTCGATGCAACGAATTCCAAGCCCGCATAGGCCACTAGTGGATCTG 

Diagnostic primers for deletion confirmation 

SDH3-A1 GCTGTATACCAACAGCCTTC 

SDH3-A4 ATGACCGCCTATGTTTGC 

FUM1-A1 TCCTTAAACCCTTCCGAATC 

FUM1-A4 GTATGCCTATGCTCCTCTTC 

SER3-A1 TTAAGCAGTTAGGCTGGACC 

SER3-A4 AGAATTCGGGTTTGCGTTCC 

SER33-A1 TCGTTTATACTGGCTGACCC 

SER33-A4 AGCTCGACAGATTATCGTCC 

ZWF1-A1 ATCTGGTGCGTAAACTGACC 

ZWF1-A4 ATGGAGGGCAAAGGGACAG 

MAE1-A1 CATACAACCAAGTATAGACGG 

MAE1-A6 GTTGGTGATGGTGTCCAGG 

MDH1-A5 GTGCGCTGCAGGGTGCTAC 

MDH1-A8 CATTCAAAGCACGCATAGTAC 

MDH2-A1 GCCCTCTTCTGGCGCCTG 

MDH2-A4 CGTATTGCAGCGAGGGTTCC 

K1-A GGATGTATGGGCTAAATGTACG 

K2-A CATCATCTGCCCAGATGCG 

MATa ACTCCACTTCAAGTAAGAGTTTG 

MATal GCACGGAATATGGGACTACTTCG 

MATa/al AGTCACATCAAGATCGTTTATGG 
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4.2.2 Growth medium for shake flasks experiments  

A defined minimal medium previously described by Verduyn et al. [29] containing glucose 

as carbon source was used for all shake flask and bioreactor cultivations. The medium was 

composed of: 5 g.L-1 (NH4)2SO4, 3 g.L-1 H2KPO4, 0.5 g.L-1 Mg2SO4.7H20, 1 mL trace metal 

solution and 1 mL vitamins solution. Trace metal solution contained: 3 g.L-1 FeSO4.7H2O, 

4.5 g.L-1 ZnSO4.7H2O, 4.5 g.L-1 CaCl2.6H2O, 0.84 g.L-1 MnCl2.2H2O, 0.3 g.L-1 CoCl2.6H2O, 0.3 

g.L-1 CuSO4.5H2O, 0.4 g.L-1 NaMoO42H2O, 1 g.L-1 H3BO3, 0.1 g.L-1 KI and 15 g.L-1 Na2EDTA 

(values per liter of demineralized water). The pH of the trace metal solution was adjusted 

to 4.0 with 2 M NaOH and heat sterilized. The vitamin solution included: 0.05 g.L-1 biotin, 

0.2 g.L-1 p-aminobenzoic acid, 1 g.L-1 nicotinic acid, 1 g.L-1 calcium pantothenate, 1 g.L-1 

pyridoxine hydrochloride, 1 g.L-1 thiamine hydrochloride, and 25 mg.L-1 myo-inositol. The 

pH of this solution was adjusted to 6.5 with 2M NaOH, sterile-filtered and the solution 

was stored at 4oC. For the strain characterization in shake flasks the medium was 

supplemented with 20 g.L-1 of glucose, whereas the medium used in the directed 

evolution experiments was supplemented with 100 g.L-1 of glucose. For glycine 

auxotrophic strains, the final formulated medium was adjusted to pH 5 with 2M NaOH 

and filter sterilized (0.22 m pore size, Millipore). Glycine auxotrophic strains were grown 

in the same medium supplemented with 500 mg.L-1 of glycine, added by sterile filtration. 
 

4.2.3 Shake flask cultivations  

Shake flask cultures of each biological replica were grown in 500 mL Erlenmeyer flasks 

containing 100 mL of the previously defined minimal medium on an orbital shaker set to 

180 rpm at 30 oC (pH 5). Pre-cultures were prepared by cultivating a single colony from a 

YPD plate of each engineered yeast strain in YPD medium until mid-exponential phase 

(~16 h). Pre-cultured cells were centrifuged (5 min, 4000 rpm), washed two times with 

distilled water, re-suspended in minimal medium and used for inoculation with an initial 

OD600 of 0.1. These cultivations were performed in triplicates. 
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4.2.4 Batch cultivations in controlled environment 

Batch fermentations were performed in YNB minimal medium containing 6.7 g.L-1 of yeast 

nitrogen base without amino acids from Difco (New Jersey, USA), supplemented with 50 

g.L-1 of glucose. Cells were pre-grown at 30 oC and 180 rpm until mid-exponential phase 

was reached, in 250 mL shake flasks containing 50 mL of the same medium, and directly 

used for inoculation. Each fermenter was inoculated at an initial OD600 of 0.1. The batch 

fermentations were performed in a DASGIP®
 
Parallel Bioreactor System for Microbial 

Applications (Switzerland) with 4 simultaneous culture vessels of 2L with a working 

volume of 1L. The temperature was maintained at 30 oC, airflow rate was controlled at 1 

VVM and the pH was kept constant at 5.5 through the automatic addition of 2 M NaOH. 

To ensure aeration, the dissolved oxygen was also monitored and kept above 30% of 

saturation by feedback control of the stirring speed from 400 rpm up to 800 rpm. The 

concentration of O2 and CO2 in the exhaust gas was monitored by Bluesens off-gas 

analyzers. The batch cultures were sampled in regular intervals both in glucose and 

ethanol growth phases. Bioreactor cultivations were performed at least in duplicate. 

 

4.2.5 Biomass determination 

Biomass concentration was monitored by measuring both dry cell weight (DCW) and 

optical density (OD600) of the cultures. DCW was determined by filtering a known volume 

of cultivation broth through a 0.22 μm pore filter from Millipore. The filters were pre-

dried in a microwave oven at 150W for 10 min and the initial weight was measured using 

an analytical balance. 5 mL of the fermentation broth was then filtered and the filters 

were washed with 15 mL of distilled water. Finally, they were dried again in a microwave 

oven in the same conditions and stored in a desiccator before measuring the final weight. 

Optical density (OD) of the culture was estimated using a Ultrospec® 2100 UV-Vis 

spectrophometer (Biochrom, Harvard Bioscience, Inc., USA) at a wavelength of 600nm. 

Duplicate samples were diluted with distilled water to obtain OD600 readings within the 

linear range of the spectrometer (0.1-0.55). 
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4.2.6 Sampling and quantification of fermentation products (shake flasks) 

Samples were taken at precise times. After centrifugation (4000 x g, 10 min), supernatants 

were filtered using 0.2 μm– PVDF - Poly(vinylidene fluoride) - syringe filter (Phenomenex, 

USA) and stored at -20 oC until high-performance liquid chromatography (HPLC) and gas 

chromatography-mass spectrometry (GC-MS) analysis was performed. Organic acids, 

including succinic acid, malic acid, fumaric acid, pyruvic acid and lactic acid were 

determined by GC-MS. Ribitol (Adonitol) (Alfa Aeaar, UK) was added as an internal 

standard to the samples which were first evaporated using a GeneVac EZ-2 plus 

evaporating system (SP Scientific). The dried extracts were derivatized to (MeOx)TMS-

derivatives through reaction with 50 L of 20 mg.mL-1 methoxyamine hydrochloride (Alfa 

Aesar, UK) solution in pyridine (Alfa Aesar, UK) for 90 min at 40 oC, followed by reaction 

with 100 L N-methyl-trimethylsilyl-trifluorocetamide (MSTFA) (Alfa Aesar, UK) for 

approximately 12h at room temperature, as previously described by Kanani et al. [30]. 

Metabolites were measured using a Shimadzu TQ8040 triple quadrupole GC-MS system. 

The gas chromatograph was equipped with a 30 m x 0.25 mm x 0.25 mm DB-50MS 

capillary column (Phenomenex, USA). The detector was operated in scan mode recording 

in the range of 50-600 m/z. 

Quantitative determination of glucose and ethanol was performed by HPLC analysis using 

Refractive Index (RI) detector (Waters 2414), while acetate was determined using an UV 

detector set at 210 nm and 260nm, also from Waters (Acquity). The samples were 

analyzed using a Fermentation Monitoring Column from Bio-Rad, which was kept at 65 

oC, and a solution of 0.5 mM of H2SO4 was used as the mobile phase with a flow rate of 

0.5 mL.min-1. Compound quantification was determined by comparing the metabolite 

peak in the sample with a mixture of standards with known concentrations of each 

metabolite, after calibration curves for each of them was calculated.  

 

4.2.7 Quantification of fermentation products (bioreactors) 

Samples for quantification of extracellular metabolites were taken by rapidly taking 2 mL 

of broth, followed by immediate removal of the cells by filtration through PVDF syringe 

filters with a pore size of 0.22 μm (Millipore, USA). After OD600> 1 the culture broth was 
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first centrifuged (3600 x g, 8 min) and the supernatant was similarly filtered before being 

stored in HPLC vials at -20 oC for further analysis. Analysis was performed in an HPLC 

apparatus from Jasco (Japan) model LC-NetII/ADC equipped with UV-2075 Plus and RI-

2031 Plus detectors (Jasco). The samples were analyzed using an Aminex HPX-87H column 

from Bio-Rad, which was kept at 65 oC, and a solution of 0.01 M of H2SO4 was used as the 

mobile phase with a flow rate of 0.5 mL.min-1. Quantitative analysis of desired 

compounds was performed by comparison with a mixture of standards with known 

concentrations of each metabolite. Calibration curves were prepared using the peak areas 

of the RI detector for glucose, glycerol, acetate, ethanol and succinate, and of the UV 

absorbance for malate and fumarate.  

 

4.3 Results and Discussion 

In this part of thesis, the main goal was to implement and validate in vivo the most 

promising metabolic engineering targets proposed in the previous chapter for the growth-

coupled overproduction of dicarboxylic acids derived from TCA cycle (succinic, fumaric 

and malic acid). The developed strategy is based on a modular fashion, which combines 

genome-scale metabolic models of yeast with a multi-objective metaheuristic approach 

to design chassis cells pre-optimized for the production of several industrially important 

dicarboxylic acids. The core of the suggested in silico metabolic engineering is based on 

the simultaneous interruption of the oxidative branch of the pentose phosphate pathway 

(PPP) (by deletion of ZWF1 gene, encoding glucose-6-phosphate dehydrogenase) and the 

serine/glycine production from glycolysis (by deletion of SER3/SER33, encoding 3-

phospoglycerate dehydrogenase), besides the disruption of the TCA cycle to avoid the 

natural consumption of the targeted acids and allow their excretion (succinate: deletion 

of the primary succinate consuming reaction, SDH3; fumarate: deletion of fumarase - 

FUM1; and malate: deletion of malate dehydrogenases - MDH1 and MDH2, and  malic 

enzyme - MAE1). Following this strategy, we want to force the cell to use the TCA cycle, 

where the target compounds are located, for energy production as well as to produce the 

required serine and glycine via the glyoxylate pathway, taking advantage of this extra flux 

to accumulate the targeted dicarboxylic acids. To the best of our knowledge, this strategy 
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has not been attempted before. Physiological characterization of the constructed strains 

was first performed in shake flasks, and directed evolution with selection of the best 

producing strains was pursued, before the final characterization of the selected strains in 

a controlled environment. 

4.3.1 Impact of gene deletions on the production and growth of the 

engineered strains  

The engineered strains (see Table 4.1) were first cultivated and characterized in shake 

flasks using defined minimal media with 20 g.L-1 of glucose as carbon source and glycine 

supplementation (when required, in agreement to previous observations [16]). It was of 

particular interest to assess the impact of each gene knockout on the growth-coupled 

production of the desired dicarboxylic acid, namely succinic acid (SA) - Figure 4.1, fumaric 

acid (FA) and malic acid (MA) - Figure 4.2. Although the values obtained experimentally 

were significantly lower than the simulations suggested and still far from industrial 

requirements, it was indeed observed a cumulative improvement in the titer and 

succinate yield on glucose, from the wild-type (WT) strain (0.02 g.L-1) to the final 

engineered succinate producing strain (0.47 g.L-1), referred to as SZ (Δser3 Δser33 Δsdh3 

Δzwf1) – Figure 4.1. Significant accumulation of SA in the culture broth (defined as > 0.1 

g.L-1) was observed in the strain encompassing the deletion of SER3, SER33 and SDH3, as 

previously observed by Otero and coworkers [16]. As expected, the wild-type strain does 

not accumulate a significant amount of extracellular SA, as well as the chassis strain (Δser3 

Δser33 Δzwf1). Stimulatingly, as suggested in silico, the deletion of ZWF1 on top of the 

SER3, SER33 and SDH3 gene knockouts resulted in improved SA production, with a 22-fold 

improvement in titer and a 45-fold improvement in product yield on glucose when 

compared to the WT (Figure 4.1).  

It was observed, for all the cases (SA, FA and MA), that the intuitive deletion of genes 

aimed at disrupting the TCA cycle, namely strain S1 for succinate, F1 for fumarate and M1 

for malate, where these target compounds are located, per se do not result in substantial 

extracellular concentration of the corresponding target acid (in accordance to previous 

observation for the SA case [31]) (Figure 4.1 and Figure 4.2). In turn, the chassis 

contribution for the desired production of the three dicarboxylic acids is evident for all 
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the target products, although the impact of ZWF1 knockout is less evident in the strain 

designed to produce fumarate (Figure 4.2B), conversely to what was predicted in silico 

(see Chapter 3).  

 
Figure 4.1. Impact of the gene knockouts suggested in silico and incrementally implemented in 

vivo on the succinate production, regarding product titer (left) and yield on glucose (right). Cells 

were cultivated in defined minimal medium with 20 g.L-1 of glucose, with (“+gly”) or without 

glycine supplementation. Mean values of biological triplicates are shown. Error bars represent the 

respective standard deviations. Abbreviations: WT – wild-type (CEN.PK113-7D); +gly – 

supplemented with glycine. 

 

Figure 4.2 Impact of the knockouts suggested in silico and incrementally implemented in vivo on 

the malate (A) and fumarate (B) production, regarding product titer (left) and yield on glucose 

(right). Cells were cultivated in defined minimal medium with 20 g.L-1 of glucose, with (“+gly”) or 

without glycine supplementation. Mean values of biological triplicates are shown. Error bars 

represent the respective standard deviations. Abbreviations: WT – wild-type (CEN.PK113-7D); +gly 

– supplemented with glycine 
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Nevertheless, several limitations were found along the work, starting from the required 

growth supplement for the final engineered strains to the need of improving the obtained 

titers, yields and productivities. SZ strain required glycine supplementation [16], and even 

under supplementation conditions presented a very low specific growth rate, <0.03 h-1 

(about 10 times lower than the WT strain), with a prolonged lag phase (Figure 4.3B). A 

similar picture was observed for the FZ and MZ strains (Figure 4.3D). Indeed, all the best 

producing strains presented a slower or impaired growth rate when compared to the 

reference strain (WT), even when the growth medium was supplemented with glycine 

(Figure 4.3). To address these issues, directed evolution and screening was employed as 

described in the next section. 

 

Figure 4.3 Growth profile of the wild-type (WT) strain and its relative comparison with the 

engineered strains, namely (A) chassis strain, CZa (Δser3 Δser33 Δzwf1); (B) succinate producing 

strains, SZ (Δser3 Δser33 Δzwf1 Δsdh3), (C) fumarate producing strains, F (Δser3 Δser33 Δfum1) 

and FZ (Δser3 Δser33 Δzwf1 Δfum1), and (D) malate producing strains, MZ (Δser3 Δser33 Δzwf1 

Δmdh1 Δmdh2 Δmae1). Cells were cultivated in defined minimal medium with 20 g.L-1 of glucose, 

with (suffix +gly) or without glycine supplementation. All growth curves were repeated for at least 

2 times and are considered representative of the growth behavior for all the tested strains. 
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The modular cell design principle has been explored before for esters production in 

Escherichia coli, using elementary mode analysis [22,32]. However, although further strain 

optimization is required, to our knowledge, this study shows for the first time that it is 

indeed possible to construct pre-optimized chassis strains of S. cerevisiae for the 

production of different organic acids based on model-guided modular design. This type of 

strategies could help to accelerate metabolic engineering tasks by reducing the significant 

time and cost still associated to strain development and optimization.  

 

4.3.2 Directed evolution and screening 

Cells may need time to adapt to genetic or environmental perturbations. This is 

particularly relevant for strains with several genetic modifications that may considerably 

reduce cellular fitness. This reduced fitness is often the result of redox imbalance or 

regulatory issues resulting from the genetic modifications [33], which is often 

counteracted through nutrient supplementation to provide the engineered cell with 

necessary building blocks, as the glycine supplementation required for some strains of 

this study. From an industrial point of view, it is often desirable to have prototrophic 

strains, since nutrient supplementation can alter the fermentation and physiological 

behavior of the engineered strains, besides leading to higher production costs. It has been 

shown that adaptive evolution of the engineered strains can make cells grow without the 

originally required supplementation, as well as lead to improved growth and production 

capabilities [16,34–36]. The combination of computationally predicted strain designs with 

adaptive evolution is especially relevant for strain designs based on optimality criteria that 

are growth-coupled [37], as the secretion rate of the desired compounds should improve 

along with the improvement in the growth rate of the engineered strains. Therefore, it 

was decided to subject each one of the previously reported best producers to a process 

of adaptive evolution, both to obtain prototrophic strains for the three organic acids (SA, 

FA and MA) and an enhanced cellular fitness (i.e. to increase both their growth rate and 

target product secretion rate). The pipeline of directed evolution followed by screening 

and selection of the best growth-coupled producers employed in this study is depicted in 

Figure 4.4. 
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Figure 4.4 Adaptive evolution and screening pipeline followed in this study. In order to improve 

the growth-coupled production of C4-dicarboxylic acids, four strains including the chassis strain 

(CZa), used as control, and the strains overproducing succinate (SZ), fumarate (F) and malate (MZ) 

were evolved in shake flasks for 100 days. Each strain was evolved in triplicate, in glucose synthetic 

defined (SD) minimal medium as described in Materials and Methods section, first supplemented 

with glycine, which was totally removed after the first 4 serial passages. Next, the strains were 

submitted to 20 additional passages for phenotype optimization. Screening of the evolved 

populations was then performed by cultivating each evolved replicate in solid minimal medium 

and selecting three isolated colonies of each, which were further characterized in terms of growth 

rate and production profile to select the best growth-coupled producers of the desired target 

compounds. 

 

The evolution experiment was conducted for 100 days, corresponding to 24 serial 

passages and about 119-132 generations of growth achieved, depending on the strain. 

Independent parallel evolution cultures of each selected design were performed in 

triplicate in shake flasks containing minimal medium (see Material and Methods) with 100 

g.L-1 of glucose as the carbon source.  

By evolving cells in a high glucose concentration, it was beforehand expected the 

development of strains more tolerant to high substrate and product concentrations and, 

consequently, more amenable for industrial use due to previous subjection to harsher 

environments (which is of particular importance for organic acids overproduction 

[12,38]). The first four consecutive passages were performed in medium supplemented 

with glycine, which was abruptly removed after the fourth passage. Then, 20 additional 
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serial passages were completed without any amino acid supplementation, aiming to 

improve productivity through natural selection by preserving beneficial mutations and 

weeding out undesirable ones (Figure 4.4). Each culture was inoculated at an initial OD of 

0.15 in fresh medium along the evolution experiment and each passage was performed 

between the late exponential phase and beginning of stationary phase. Culture stocks 

were frozen and stored at regular intervals throughout the process.  

For the FA case, although we also started to evolve the FZ strain (data not shown), this 

strain revealed itself very unstable. Besides, no significant differences were observed in 

terms of fumarate production between this strain and the strain without the ZWF1 

knockout (named F), previously mentioned (Figure 4.2). Therefore, regarding the directed 

evolution experiment of the fumarate producing strain, only results of the F strain are 

shown here. 

From the analysis of Figure 4.5, the evolution experiment can be subdivided in three 

distinct phases. The first evolution phase (E1) represents cellular growth in medium 

supplemented with glycine, with a rapid environmental adaptation of all the tested 

strains, corresponding to a significant increase in OD over time from the beginning of the 

experiment to passage 4 (P0-P4). Phase two (E2) corresponds to the evolution in the 

absence of glycine and a period of marked adaptation where, initially, the engineered 

strains took 9 days to grow, followed by significant improvement of the specific growth 

rate of all the tested strains (P5-P16). Finally, the third phase (E3) corresponds to a period 

of slow evolution without marked shifts in terms of the growth rate profile of the tested 

strains (P17-P24). It was previously reported that growth rate and fitness increase during 

laboratory evolution experiments is actually faster in the first stages and tends to 

decrease in magnitude during prolonged selection, despite the steady increase of the 

number of mutations. Nevertheless, the beneficial effects of these additional mutations 

are often neutral or irrelevant due to the network complexity [39,40].  

The final evolved populations were subsequently submitted to a screening procedure 

where each replicate was plated in minimal agar medium. From here, three isolated 

colonies of each were picked for further physiological characterization, regarding their 

specific growth rate and production profile, as depicted in Figure 4.6. 
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Figure 4.5 Growth measurements and time needed to achieve stationary phase (adaptation time) 

between passages, during evolution of the chassis cell (A) and the engineered strains for succinate 

(B), fumarate (C) and malate (D) overproduction. The plots present the behavior of each one of 

the replicates and are subdivided in three main phases: E1, corresponding to growth in minimal 

medium supplemented with glycine (P0-P4); E2, growth in minimal medium without 

supplementation, with significant decrease of the growth rate after the first impact of removing 

glycine (P5-P16); and E3, growth in minimal medium without supplementation, corresponding to 

a more stabilized phase with reduced variation both in terms of growth and adaptation time (P17-

P24). Strains depicted in the figure: CZa, chassis strain (Δser3 Δser33 Δzwf1); SZ (Δser3 Δser33 

Δzwf1 Δsdh3); F (Δser3 Δser33 Δfum1); MZ (Δser3 Δser33 Δzwf1 Δmdh1 Δmdh2 Δmae1). 

A significant heterogeneity and variation was observed among different evolved 

replicates of the same strain and even among different colonies of the same evolved 

population, as for example in the SZ-3 replicate (Figure 4.6A). Also, some trade-offs were 

observed where, for example, the fastest growers of the evolved replicates designed for 

fumarate overproduction (Figure 4.6B) correspond to the poorest fumarate producers. A 

similar pattern is also found in the succinate and malate strain designs, meaning that in 

some cases during the evolution process the desired dicarboxylic acid formation has been 

decoupled from biomass production and might have followed an undesired evolutionary 

trajectory (Figure 4.6C and 4.6D).  
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Regarding population heterogeneity, it is important to note that adaptive evolution 

performed through serial batch transfers, although being simpler to set up when 

compared to continuous cultivations in bioreactors, is more susceptible to random drift 

due to the need for repeated inoculations. Passage size (i.e. the culture volume 

transferred between passages) can have a huge impact on the trajectory of an evolution 

experiment, as recently investigated by LaCroix and colleagues [41]. In fact, if a beneficial 

mutation occurs but is lost when the population bottleneck is imposed, the rate of 

evolution can be decelerated or even ceased [41,42]. Moreover, clonal interference - a 

phenomenon where beneficial mutants compete within a population [43], genetic 

hitchhiking [44] and alternating environmental conditions (of feast and famine, for 

example) can also lead to significant population heterogeneity [39,45]. Thus, it could be 

interesting to further investigate the main reasons behind the heterogeneity and adaptive 

dynamics observed in this study.  

 
Figure 4.6 Physiological characterization of the isolated colonies resulting from the evolution 

experiment for (A) succinate - SZ, (B) fumarate - F and (C) malate – MZ producing designs. Growth 

curves of each one the isolated strains in triplicate, including also the evolved population (“Pop”) 

and the initial strain (before evolution – P0) with (+gly) and without glycine supplementation, 

besides all the isolated colonies, are represented in the top part. The combination of the observed 

titer (g.L-1) and the maximum OD achieved for each strain tested is represented in the bottom 

part. Dark bars correspond to the selected strains for further characterization. Nomenclature 

applied: AA-#-B, where AA correspond to the producing strain (succinate: SZ; fumarate: F and 

malate:MZ); ‘#’ corresponds to the number of the replicate (1, 2 or 3); and B stands for size of the 

colony picked in each one of the replicates (S: small; M: medium; L: large, while ‘pop’ represents 

all the evolved population). 
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4.3.3 Growth and production profile of the selected strains 

The adaptive evolution process has resulted in significant improvement of the specific 

growth rate for all the engineered strains, as shown in Figure 4.7 and Table 4.3. After 

evolution, SZ strains showed an impressive 6.1-fold improvement (0.024 vs 0.147 h-1) in 

the specific growth rate when compared to the non-evolved counterpart (Figure 4.7B), 

with only a 2.3-fold decrease compared to the reference strain (wild-type, CEN.PK113.7D). 

In turn, the strain engineered to produce fumarate (F) presented a 4.6-fold improvement 

in the maximum specific growth rate after evolution compared to the non-evolved strain 

(0.04 vs 0.18 h-1) (Figure 4.7C), while the chassis evolved cell has reached the same specific 

growth rate as of the wild-type strain (Figure 4.7A).  

 
Figure 4.7 Growth profile of the selected strains after evolution, compared to the wild-type (WT) 

strain and to the non-evolved strains. (A) chassis strain, CZa (Δser3 Δser33 Δzwf1) and strains 

designed for the production of (B) succinate -SZ (Δser3 Δser33 Δzwf1 Δsdh3); (C) fumarate - F 

(Δser3 Δser33 Δfum1); and (D) malate - MZ (Δser3 Δser33 Δzwf1 Δmdh1 Δmdh2 Δmae1). Cells 

were cultivated in shake flasks using defined minimal medium, 20 g.L-1 initial glucose 

(supplemented with 0.5 g.L-1 glycine in the case of the non-evolved strains). Values are presented 

as means of three biological replicates. Error bars represent the standard deviations. 

 



Chapter 4 

   PhD Thesis | Hélder Lopes  114 

Interestingly, the strain engineered to produce malate (MZ) only experienced an increase 

of 1.4-fold in the specific growth rate (Figure 4.7D), despite being the strain with the 

highest specific growth rate before evolution, out of the three studied producing strains 

(chassis strain excluded). Also, the evolution of this strain did not result in improved titers, 

yields or production rates (see Table 4.3).  

However, as shown in Figure 4.8 and Table 4.3, the evolution of the strains engineered to 

produce succinate and fumarate has resulted in a substantial improvement of the titer. 

Strain SZ-EV produces 0.69 g.L-1 of succinate which represents a 1.5-fold improvement in 

comparison with the wild-type strain, while strain F-EV produced 0.35 g.L-1 corresponding 

to a 1.4-fold increase also compared to wild-type. Secretion rate of the target organic 

acids was 4.9-fold for succinate and 4.3-fold for fumarate higher than the non-evolved 

strains (SZ_+gly and F_+gly, respectively. However, the product yields on substrate of both 

strains have slightly decreased (Table 4.3). Moreover, when compared to the wild-type, 

the final evolved strain for SA production presented a 38-fold increase in succinate titer 

and 17-fold increase in productivity (Figure 4.8).  

 

Table 4.3 Production titers, yields and rates of the engineered strains, before and after evolution, 

from shake flask cultivations.a  

Target 
product 

Strain 
Growth rate 

μmax (h−1) 
Max Titer         

(g.L-1) 
Max Yield P/S         

(g. g-glc-1) 
Productivity 

(g.L.h-1) 

Specific 
production rate 

(mmol.gDCW.h-1) 

Succinate 

WT 0.332 0.018  0.0009  0.006 0.022 

SZ_+gly 0.024 0.472  0.0455  0.012 0.127 

SZ-EV 0.147 0.688  0.0344  0.101 0.628 

CZa 0.122 0.033  0.0017  0.004 0.004 

CZa-EV 0.325 0.009  0.0005  0.003 0.046 

Fumarate 

WT 0.332 -  -  - - 

F_+gly 0.039 0.253  0.228  0.010 0.107 

F-EV 0.182 0.353  0.063  0.064 0.465 

CZa 0.122 0.004  0.0002  0.000 0.002 

CZa-EV 0.325 0.002  0.0001  0.001 0.003 

Malate 

WT 0.332 0.009  0.0004  0.003 0.009 

MZ_+gly 0.088 0.468  0.0234  0.041 0.387 

MZ-EV 0.127 0.255  0.0128  0.032 0.179 

CZa 0.122 0.033  0.0016  0.004 0.015 

CZa-EV 0.325 0.004  0.0002  0.001 0.005 

a Values are presented as means of biological triplicates grown in shake flasks in defined minimal medium (20 g.L -1 initial 

glucose), supplemented with 0.5 g.L-1 whenever indicated by the suffix “gly”. Standard deviation for each sample was 

below 15%.  
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Overall, these results suggest that the desired phenotype represented in Figure 4.4 was 

actually achieved for 2 out of 3 studied strains, hence reinforcing that combining 

metabolic modeling with adaptive evolution might actually be a fruitful strategy to 

increase productivity through natural selection, especially for growth-coupled strain 

designs [33,34]. Additional studies including, for example, transcriptomics and 

proteomics, are required to uncover the undesired phenotypic shift observed for the MZ 

evolved strains. 

 

 

 
Figure 4.8 Comparison of titer and production rate of the target dicarboxylic acids resulting from 

the engineered strains designed for their production, before and after evolution (A). Fold change 

in terms of titer, productivity and maximum growth rate for the best producing strain, when 

compared to the wild-type strain (B). Note: F-EV strain is not represented in panel B because no 

evident amounts of fumarate are excreted by the WT strain. 
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4.3.4 Batch fermentations in controlled environment (bioreactors) 

In order to check whether SA accumulation could be favored by a controlled environment, 

strains SZ and SZ-EV were evaluated in aerobic, glucose-supplemented batch 

fermentations, using parallel bioreactors with a working volume of 1L (see Materials and 

Methods). Under these conditions, the evolved (prototrophic) strain (SZ-EV) exhibited a 

1.2-fold improvement regarding succinate titer (> 1.1 g.L-1), succinate yield on glucose and 

biomass, and productivity over SZ strains supplemented with glycine (Figure 4.9). 

However, taking into consideration the evolved strain, despite the improvement in terms 

of succinate productivity by almost 2-fold (0.1 vs 0.19 g.L-1.h-1), the product yields as well 

as the secretion rate values are lower than the ones obtained in shake flask cultivations 

(see Table 4.3), suggesting that carbon flux is being mainly redirected to other 

fermentation by-products and biomass formation.  

 

 

Figure 4.9 Summary of succinate yeast cell factories grown in controlled environment (batch 

fermenters), in comparison with the wild-type strain (WT). Values are representative of samples 

taken in the stationary phase. Data represent the mean of three independent experiments with a 

standard deviation below 5%. Abbreviations: Y P/S, yield of product on glucose; Y P/X, yield of 

product on biomass; suc, succinate; glc, glucose, DCW, dry cell weight; SZ_+gly, succinate 

producing strain before evolution (Δser3 Δser33 Δzwf1 Δsdh3); SZ-EV, succinate producing strain 

after evolution. 

 
The analysis of other fermentative products revealed that the engineered strains 

produced mainly ethanol, acetate and glycerol (Figure 4.10), which can be in part 

understood because the TCA cycle is disrupted and the TCA cycle enzymes are known to 
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be repressed in presence of large amounts of glucose [46]. This phenomenon is called 

Crabtree effect, which is responsible to increase the metabolic flow towards the 

production of ethanol, rather than producing biomass via the TCA cycle [47]. This behavior 

happens independently of the presence of enough oxygen to support respiration and is 

seen as an adaptive response to a competitive environment, as fermentation increases S. 

cerevisiae’s growth rate. Moreover, the fluxes of central carbon metabolism are tightly 

regulated since it has been fine-tuned to exactly meet the needs of the building blocks 

and Gibbs free energy in conjunction with cell growth. Therefore, the simultaneous 

manipulation of the oxidative pentose phosphate pathway (PPP), and consequently of the 

NADPH pools, was expected to have a significant impact throughout yeast metabolism, as 

mentioned in the previous chapter.  

As a result of these manipulations and the directed evolution process, the evolved strain 

produced an impressive amount of acetate after 96h of growth (>20 g.L-1 - Figure 4.10). 

The increase in the amounts of acetate excreted were already obvious in the fermentation 

profile of the shake flask cultivations, including in the chassis cell (CZa) (see 

Supplementary Information: Figure S4.1) suggesting that the improvement in biomass 

concentration during the course of evolution occurred mainly due to the change from 

ethanol to acetate secretion, driven by energy demand, and not particularly due to 

dicarboxylic acids formation. The observed shift is very likely related with the redox 

imbalance provoked by the blockage of the major enzymatic source of NAPDH in S. 

cerevisiae (Δzwf1) which include the reactions of the oxidative PPP catalyzed by glucose 

6-phosphate dehydrogenase and 6-phosphogluconate dehydrogenase [48]. Besides this 

source, the cell can obtain this coenzyme via NADPH specific acetaldehyde 

dehydrogenase (ACDH) [49,50] that convert acetaldehyde into acetate as part of the 

pyruvate dehydrogenase (PDH) bypass, and NADPH specific isocitrate dehydrogenase 

[51], that catalyzes de oxidative decarboxylation of isocitrate to alpha-ketoglutarate. Also, 

there are evidences that the ALD6 gene product is indispensable for providing NADPH in 

yeast cells lacking glucose-6-phospahte dehydrogenase activity [49]. Therefore, we 

postulate that the evolution process contributed to overexpress the ALD6 gene product 

and, consequently, the saturation of the capacity of ACDH lead to the excretion of large 

acetate amounts. The fact that ACDH is considered a key enzyme of the PDH bypass which 
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fulfills the essential task of generating acetyl-CoA in the cytosol and in this case is also 

required to regenerate the energy needed to maintain cellular viability (through ALD6 

activity) contribute to support these statements [49,52].  

 

Figure 4.10 Extracellular metabolites profile during batch fermentations in controlled bioreactors 

of wild-type strain (WT - CEN.PK113-7D), and succinate producing strains before (SZ_+gly – 

supplemented with glycine) and after evolution (SZ-EV – prototrophic strain) 

 
These results also reveal the development of a prototrophic strain extremely tolerant 

either to high substrate and product concentrations [53], capable of growing in really 

harsh environmental conditions, which is of utmost importance for industrial purposes, 

particularly for organic acids overproduction [12,38]. Nevertheless, additional rounds of 

metabolic engineering are required to overcome the limitations previously described and 

achieve the desired phenotype.  

In addition to the previous comments, one must be aware that in silico results were based 

on a pure respiratory metabolic state. Although the relative contribution of respiratory 

and respiro-fermentative metabolic states in S. cerevisiae depends on glucose availability, 

it is not easy to achieve a pure respiratory regimen in batch cultivations. In an aerobic 

environment and in the presence of large amounts of glucose, S. cerevisiae has a 

fermentative metabolism in addition to a respiratory metabolism due to a limited 
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respiratory capacity [54]. Nevertheless, it is possible to ensure a respiratory metabolism 

if glucose uptake rate is kept below the critical threshold that activates fermentation, 

meaning that these results could also benefit from additional studies regarding growth of 

the engineered strains in a pure respiratory environment using, for example, a chemostat 

bioreactor. 

 

4.4 Concluding Remarks 

In this study, we implemented the results of the chassis strain design framework 

developed within this thesis aiming to produce three industrially important C4-

dicarboxylic acids with a common backbone of genetic modifications. Although the yields 

obtained are significantly lower than the computationally predicted ones, it was indeed 

possible to establish a proof of concept of the chassis cell idea to overproduce succinic, 

fumaric and malic acid.  

Moreover, adaptive laboratory evolution was successfully used in a first stage to adapt 

the production strains to a growth environment without amino acid supplementation and 

then to increase productivity through natural selection. Therefore, it was reinforced here 

that, for certain biotechnological applications, genome-scale modeling results might 

benefit from the combination with laboratory evolution approaches, particularly when 

the genetic perturbations suggested in silico impose a harsh inhibition of growth or 

auxotrophic behavior.  

The cultivation of the succinate producing strains in a controlled environment has resulted 

in a higher succinate titer (1.12 g.L-1) and productivity (0.19 g.L-1.h-1) than in the shake 

flask cultivations, mainly due to the improvement in the specific growth rate. However, it 

has not resulted in improved glucose or biomass yields, since most of the flux is being 

redirected to acetate metabolism to the compensate the redox imbalance provoked by 

the blockage of the oxidative PPP, where the major NAPDH pool of the cell is located. 

Overall, the results would benefit from several additional studies, including: 

- The measurement of the transcriptome, proteome and genome of the evolved and 

non-evolved strains. The information coming from this type of analyses could not 

only help to gain new insights into the observed phenotypes and to clarify some 
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of the observations regarding the evolution of the cellular fitness, but also to 

potentially identify second-round metabolic engineering targets towards better 

titers and yields of the target products [16] (Note: Samples were already collected 

and prepared for this purpose). 

- Cofactor engineering of the central carbon metabolism, as recently done by Adam 

et al [55], for example by replacing the NAD+ cofactor preference of one of the 

glycolysis reactions with NADP+, hence satisfying the energy demands of the cell 

in a phase that would make it possible to redirect the flux directly to the TCA cycle, 

while avoiding by-products formation. 

- Functional expression of dicarboxylic acid transporters. The wild-type S. cerevisiae 

strains does not naturally produce organic acids in large quantities since it lacks 

transporters that could achieve the desired high extracellular concentration of 

these compounds. For example, the heterologous expression of SpMAE1 

transporters was already implemented in S. cerevisiae strains engineered to 

produce malate, with very satisfactory results [12]. 

- Bioprocess optimization to obtain yields and productivities compatible with 

commodity-scale production, as performed by Zelle et al [56]. 
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4.6 Supplementary Information 

 
 

 
Figure S4.1 Main end-products formation of the wild type strain CEN.PK strain (CEN.PK113-7D), 

chassis strain (CZa), and fumarate (F) and succinate (SZ) producing strains, before and after 

evolution (EV). Cells were grown in shake flasks in defined minimal medium (20 g.L-1 initial 

glucose), supplemented with 0.5 g.L-1 whenever indicated by the suffix “+gly” 
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CHAPTER 5  
Phenomenaly: PHENOtypic and MEtabolic Network Analysis 

at Large-scale of Yeast data 

  

 

The measurement of phenotypic traits in response to genetic mutations and 

environmental perturbations has been useful in functional genomics, metabolic 

engineering and pharmaceutical research. Saccharomyces cerevisiae is the most well 

characterized eukaryote for which phenotypic data is widely available in online 

repositories. However, despite all the progress observed in the yeast metabolic modeling 

field, we are still lacking robust tools and data sets to validate metabolic networks and 

find bottlenecks that hamper the success of model-guided approaches. 

In this chapter, phenomenaly, an open source Python package built around 

comprehensible and curated data sets of yeast mutant phenotypes, is presented. It 

enables the simulation and analysis of published genotype-phenotype associations using 

genome-scale metabolic models of yeast. Phenomenaly can be used as a validation 

platform of new metabolic reconstructions or to improve the existing ones, as well as to 

enrich our knowledge on yeast physiology. 

[Graphical abstract] 
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Lopes H, Ramalho F, Patil KR, Rocha I. Phenomenaly: PHENOtypic and Metabolic 
Network Analysis at Large-scale of Yeast data.  
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5.1 Background 

Analysis of mutation phenotypic effects is an underlying approach for investigating gene 

expression and function. Furthermore, understanding the influence of gene knockouts on 

cellular metabolism is fundamental to metabolic engineering and quantitative systems 

biology studies. The ability to correctly predict a certain phenotype upon a gene deletion 

or environmental perturbation is particularly crucial for a successful rational strain design 

process. 

Saccharomyces cerevisiae is among the best characterized microorganisms with 

significant progression in the systems biology field, including comprehensive repositories 

with experimental data. This single-celled microorganism has been used as an important 

cell factory in metabolic engineering applications, as well as a model organism for 

studying human diseases and understanding basic biochemical processes; it is therefore 

considered a model organism for systems biology studies [1]. For this reason, over the last 

15 years, several genome-scale metabolic models (GSMMs) of S. cerevisiae have been 

reconstructed and published [2]. 

GSMMs can indeed help to enhance our ability to predict genotype-phenotype 

associations. For this yeast, the large amount of available data resulting from classical or 

large-scale experiments can be used both for validating model predictions and further 

enhance simulations accuracy. Saccharomyces Genome Database (SGD: 

www.yeastgenome.org) is a comprehensive database which comprises structured 

biological information of budding yeast genes, including the phenotype profiling of single-

gene deletion mutants, hence enabling the exploration and discovery of functional 

relationships between the available data [3]. A large number of yeast experimental 

studies are compiled in this web-accessible resource. 

Semi-automated reconstruction toolboxes such as ModelSEED [4], RAVEN [5] or KBase [6] 

comprise validations steps in their pipeline, including gene essentiality analysis and Biolog 

phenotypic array data to assess microbial growth in different carbon sources [7]. 

However, despite all the advances in the metabolic modeling field along the past two 

decades, robust evaluation criteria to assess the quality and wideness of GSMMs are still 

lacking. Typically, newer models of the same organism claim more consistent and 
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improved predictive capabilities, mainly based on gene essentiality tests. However, model 

content and predictive accuracy can vary substantially across different parameter sets, 

including metabolic constraints and the chosen phenotypic data sets [8]. Besides, other 

mutant phenotypic traits beyond gene essentiality are barely analyzed when assessing the 

predictive accuracy of metabolic networks. Therefore, more attention should be devoted 

to the curation and validation tasks of genome-wide metabolic reconstructions. The 

existence of reliable reference data sets and proper tools to fairly perform model 

validation tasks are urgently needed to better assess, benchmark and, subsequently, 

overcome the inconsistencies observed between in silico predictions and in vivo cellular 

performance. 

Our limited knowledge of cellular biology, together with the complexity of metabolic 

networks make the task of rewiring metabolic fluxes towards desired compounds 

particularly challenging and prone to failures. Yeast deletion phenotype data can provide 

an additional layer for curation and validation of metabolic models, thus contributing to 

more accurate networks and, consequently, more reliable predictions, as well as to gain 

new insights into yeast physiology.  

Here, we present phenomenaly – PHENOtypic and Metabolic Network Analysis at Large-

scale of Yeast data, a Python-based package that addresses these challenges and might 

function as a validation tool for new metabolic network reconstructions. 

5.2 Data sets description and preparation 

Data were downloaded from SGD by querying all the catalogued phenotypes for each 

budding yeast gene through the YeastMine search tool [9]. The raw dataset contained 

145147 phenotype annotations for 6235 S. cerevisiae open reading frames (ORFs), based 

on the SGD phenotype ontology (Figure 5.1). A set of filters were applied to select the data 

of interest for in silico phenotypic analysis, including: i) the genes present in the available 

yeast GSMMs (all ORFs annotated as ‘dubious’ or ‘uncharacterized’ were excluded); ii) 

“observable phenotypes” that could be predicted using GSMMs (see Figure 5.1B and 

Supplementary Information - Table S5.1) ; iii) “mutant type”, selecting only the cases 

reported as “null”, i.e. when the function of a certain gene is completely abolished; and 
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iv) “strain background”, only S288c and derivatives were considered, since the GSM 

models used in this study are annotated metabolic networks based on S288c background 

and recent studies point out that the deletion of the same metabolic gene in a different 

background could provoke an entirely different response [10]. Nevertheless, to obtain a 

representative number of cases, the dataset to assess auxotroph-inducing genes was 

further extended by considering other strain backgrounds, which also allows to evaluate 

the impact of the strain background in the model predictive accuracy of these mutant 

phenotypes. Moreover, conditional phenotypes such as inositol auxotrophs only at 

elevated temperatures (thermosensitive mutants) or under other stress conditions (e.g., 

in presence of drugs) were excluded from the analysis dataset, due to the inability of 

metabolic models to predict these stress conditions.  

The filtering steps applied to further curate and complement the resulting dataset with 

relevant information are represented in Figure 5.2. 

 

 

Figure 5.1 Yeast phenotype ontology present on Saccharomyces Genome Database (SGD).  

(A) High-level subset of phenotype annotations for the entire genome of S. cerevisiae. (B) 

Breakdown of yeast phenotypes that can be detected, observed, measured or monitored. Shaded 

area corresponds to phenotypes which can be predicted with genome-scale metabolic models 

(GSMMs). Among these phenotypes, only a percentage of experimental cases (dark grey) - 

corresponding to the studies related with genes present in the available GSMMs of yeast - can be 

simulated. 
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Figure 5.2 Filtering steps applied to the SGD gene-phenotype dataset. The final curated dataset 

was complemented with additional evidences from the respective literature to better mimic the 

in vivo metabolic state when simulating the mutant phenotypes with yeast genome-scale models. 

 

5.3 Data structuring 

Mutant phenotype predictions are dependent on strain background, growth media and 

other environmental conditions [10–13]. For instance, some genes only affect growth or 

are considered essential in context-specific conditions [14]. Therefore, generating a 

totally reliable reference dataset to be used in the model validation process is not an easy 

task. To decrease the bias that may impact model predictive accuracy, the original dataset 

retrieved from SGD was complemented with an additional layer of manual curation, 

hence trying to better approximate the experimental conditions on which a particular 

phenotype is observed. Pertinent conditions which must be taken into account in the 

simulation process were searched in the respective publication(s), including the growth 

media, main carbon source, auxotrophic requirements associated with the strain 

background, and other relevant conditions. In the end, over 170 scientific articles were 

mined during this procedure (Figure 5.3). 

Yeasts can easily grow on a variety of complex and synthetic defined media. Since the vast 

majority of experimental studies present in SGD refer Yeast Peptone (YP) or Yeast 

Nitrogen Base (YNB) as the growth media, we have formulated in silico designs of these 

two core media based on Formedium formulations and other relevant studies [15,16], 

which, if needed, are further redesigned to include particular specifications (e.g absence 

or presence of amino acids, vitamins, etc.) taking the curation process into account. 

Each row of the dataset corresponds to a single gene deletion phenotype to be tested and 

the main environmental conditions are organized in structured columns, making the 
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querying and visualization of results an easy process. This procedure has resulted in a set 

of powerful phenotypic data that may be continuously improved and used by the yeast 

metabolic modeling community, either to analyze genotype-phenotype associations from 

a systems perspective and to assess the performance of new yeast model reconstructions. 

All this information, including media formulations and curated data sets are available and 

can be consulted in the package repository. 

 

Figure 5.3 Overview of the dataset organization and package potentialities. Mutant phenotypic 

data was originally downloaded from SGD, being further curated to specify relevant conditions 

aiming to closely mimic experimental conditions in the simulation procedure using yeast genome-

scale metabolic models. Growth media, carbon source, genotype and auxotrophic requirements, 

besides other relevant particularities complement the raw dataset. By comparing in silico and in 

vivo phenotypic data it is possible not only to assess model predictive accuracy but also to gain 

novel insights into yeast physiology, by deep-rooting the observed model inconsistencies. 

5.4 Implementation and Results 

Phenomenaly is an open source software package written in Python that provides 

different methods to simulate mutant phenotypes using GSMMs. Despite the number of 

software packages and constraint-based modeling tools developed in recent years 

[17,18], phenomenaly stands out as a tailored and customizable tool which intends to fill 

the gap and current blurry state related with the model validation process. Based on 

COBRApy, a reference tool with well-known objects and methods that provides support 

for constraint based modeling approaches [19], it includes additional methods to modify 

the GSMMs according to the phenotypic data collected from SGD and run simulations 

based on curated and structured data sets. Moreover, besides the data files to be used 
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(such as models, phenotype data sets, media, and so on), a collection of Jupyter 

notebooks can also be found in the package repository, providing a structured, yet 

flexible, pipeline to analyze and visualize the main results, including summary tables and 

plots. The package originally comes with four yeast models (iFF708, iMM904, Yeast 6 and 

Yeast7.6), representative of the published yeast GSMMs over time, for which little effort 

is required in the upload and simulation procedure. Although this package has been 

specifically designed for yeast GSMMs, its methods can be easily used and adapted for 

different SBML-formatted models. 

Regarding the core structure, phenomenaly is organized into six main modules, as 

depicted in Figure 5.4: phenomenaly.io, wherein the methods to load the SBML models 

are included, with specific functions to load the above-mentioned yeast models; 

phenomenaly.variables, in which all the variables, constants and file paths are defined; 

phenomenaly.utils, a module that contains utility functions and auxiliary methods, mainly 

for data reading and data preprocessing purposes, including, for example, functions to 

load the curated phenotype datasets files and to automatically convert the name of 

metabolic compounds present in SGD to standardized designations based on a dictionary 

built to overcome the issues related with the different nomenclature of yeast GSMMs; 

phenomenaly.model, which includes the class Model that inherits all the parameters and 

methods from cobra.core.Model, hence allowing to access and modify the model 

components - it includes, for example, the implementation of functions to perform gene 

or reaction knockouts, as well as the possibility to easily manipulate reaction bounds or 

implement other desired environmental conditions through built-in functions or the 

upload of a JSON file; phenomenaly.phenotypes, which  includes the methods to 

individually explore each one of the phenotypes described in the image and to address 

each case based on the specific curated environmental conditions for simulation purposes 

– it also includes the methods to assess if the gene knockout leads (or not) to the 

inactivation of one or more reaction, as well to compute the network flux differences 

between the mutant and the wild-type strain, which are further incorporated in the 

results file; and phenomenaly.simulation, where the different simulation methods 

included in the package to date are included, namely Flux Balance Analysis (FBA) [20], 

parsimonious enzyme usage FBA (pFBA) [21] and LMOMA (a linear implementation of 
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MOMA) [22,23] – based on COBRApy -, besides Flux Variability Analysis (FVA) [24] 

implemented by the authors.  

 
Figure 5.4 Package organization and functionality overview. The core structure of the 

phenomenaly package is organized into six main modules, besides the analysis module which 

contains three sub-modules, allowing the analysis and visualization of the main results. Additional 

information regarding the access and exploration of these modules can be found on the package 

documentation. 

Box 5.1 demonstrates how straightforward and easy is for the user to simulate, for 

example, the capability of a certain model to predict auxotroph-inducing genes based on 

the given dataset, wherein the simulation method is one of the required parameters of 

the function and more than one simulation method can be included. The output is a csv 

file with additional columns to the curated dataset with information about the observed 

growth rate upon the specific gene deletion, and also regarding all the gene-associated 

reactions, including their flux in the wild-type organism, if they are blocked in the 

simulated conditions and if the gene knockout actually leads (or not) to the inactivation 

of some reactions in the metabolic network, which allows a further automatic detailed 

analysis of the in silico predictions.  Since this package was developed based on the core 

of COBRApy and uses optlang as interface to a number of optimization platforms [25], 

several solvers can be used in the simulations.  

The phenomenaly package also integrates an analysis module, composed by three 

different sub-modules – core, plots and utils – that can be accessed at the level of 

variables

io utils model phenotype class simulation

analysis

core utils plots

a
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phenomenaly.analysis. These modules contain the methods implemented to analyze and 

visualize the results, including the description of the observed results in terms of the 

activated/inactivated reactions (and their comparison to the wild-type strain) and the 

analysis by metabolic pathway, which can facilitate the overall analyses, contributing 

either to improve the model performance and to gain new insights into yeast physiology. 

 
Box 5.1 Example of script to simulate auxotrophy using the iMM904 model. 

 

 

 

 

 

 

 

 

5.5 Systematic analysis and visualization 

One of the goals of this work is to provide the user with a tool capable of running 

simulations with GSMMs, using curated simulation conditions that closely mimic the 

experimental evidences in which a specific phenotype was observed, and compare the in 

silico results against the experimental ones.  

After running a simple script as the one depicted above, the user only needs to import the 

results file in one of the built-in Jupyter notebooks that provide an interactive 

environment to visualize and explore the main results. Examples of commands included 

in the provided notebooks are displayed in Figure 5.5 and Figure 5.6, which include a 

general description of the used dataset and the generation of a table where the main 

results are depicted, including the calculation of the model sensitivity and specificity, as 

well as the overall accuracy and the Matthews Correlation Coefficient (MCC), besides the 

systematic generation of plots in a way that can help the user to easily identify the 

mismatches and the associated metabolic pathways, which can facilitate the formulation 

of hypothesis to ultimately improve the model predictive accuracy.   

from phenomenaly.variables import _PATH, SimulationMethods 

from phenomenaly.io import load_iMM904 

from phenomenaly.phenotypes import auxotrophy 

  
RESULTS_PATH = "../RESULTS/essentiality_iMM904"       
 
auxotrophy(model=load_iMM904(), 
                output_filename=join(RESULTS_PATH, "iMM904_auxotrophy.csv"), 

                simulation_methods=[SimulationMethods.PFBA, SimulationMethods.LMOMA]) 
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In the end, the user can easily generate a set of different results using several models 

through this tool, hence testing and evaluating new model modifications based on 

experimental data that can led to significant model improvements (see Chapter 6).  

Moreover, it is possible to use phenomenaly as a benchmarking tool to test and compare 

new yeast reconstructions against the published ones. For this particular case, the user 

just needs to follow the instructions provided to create the files for integration and will 

be immediately able to run the simulations and analyze the results as previously 

described. 

 

 

 
Figure 5.5 Example of tables of results generated in the built-in notebooks for data analysis.  
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Figure 5.6. Example of plots automatically generated in the essentiality analysis notebooks. 

Abbreviations – IRs: inactivated reactions upon a gene knockout; FG: false growth; FL: false lethal; 

TG: true growth; TL: true lethal; pFBA: parsimonious Flux Balance Analysis; lMOMA: linear 

Minimazition of Metabolic Adjustment. 
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5.6 Conclusions 

We developed a computational tool to study genotype-phenotype associations which is 

envisioned to be used by the yeast metabolic modeling community as a validation 

framework for new genome-scale metabolic reconstructions, as well as to benchmark 

existing and upcoming GSMMs of yeast in an unbiased way. Taking advantage of manually 

curated phenotypic data, this tool is expected to contribute for improving model 

predictive accuracy and achieve new insights into yeast physiology, hence accelerating 

yield and productivity gains in metabolic engineering projects. We believe that the 

resources put forward in this work will be certainly valuable for metabolic engineering 

studies. Future work includes the application of the same rationale to other types of data 

that should also be considered an important part of the model validation process, such as 

fluxomics data, since it is known that many models predict erroneous intracellular fluxes 

even in central carbon pathways.  

 

5.7 Availability and requirements 

Project name: Phenomenaly  

Homepage: https://github.com/BioSystemsUM/phenomenaly 

Operating systems: Platform independent 

Programming language: Python 2.7 or later 

Package dependencies: COBRApy (version 0.10.1), pandas (version 0.22.0), seaborn 

(version 0.8.1). More information available at the GitHub repository. 

Supported linear programming solvers: optlang-contained solvers (version 1.3.0), 
available at: https://github.com/biosustain/optlang 
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5.9 Supplementary Information 

Table S5.1 Description of the SGD-based phenotypes selected as computationally predictable by 

yeast genome-scale metabolic models. 

PHENOTYPE DESCRIPTION 

Anaerobic growth Growth in the absence of oxygen. 

Auxotrophy The inability of an organism to synthesize a specified organic 
compound required for its growth. 

Chemical compound 
accumulation 

The excretion from the cell of a specific compound/metabolite. 

Chemical compound 
excretion 

The production and/or storage of a specific compound/metabolite 

Fermentative growth Growth while utilizing a fermentable carbon source (Ex: glucose, 
galactose, maltose, sucrose, etc.) 

Inviable The inability to grow under standard growth conditions. For S. 
cerevisiae, this means that visible colonies are not formed from single 
cells on complete glucose medium (YPD) plates at 30 deg C under 
normal atmospheric conditions 

Nutrient uptake Uptake of nutrients into a cell. 

Respiratory growth Growth while utilizing a nonfermentable carbon source (Ex: glycerol, 
ethanol, acetate, oleate, etc) 

Utilization of carbon 
source 

The ability to utilize the specified compound as a carbon source. 

Utilization of iron 
source 

The ability to utilize the specified compound as a source of iron. 

Utilization of nitrogen 
source 

The ability to utilize the specified compound as a source of nitrogen. 

Utilization of 
phosphorus source 

The ability to utilize the specified compound as a source of 
phosphorous. 

Utilization of sulfur 
source 

The ability to utilize the specified compound as a source of sulfur. 

Viable The ability to grow under standard growth conditions. For S. 
cerevisiae, this means that visible colonies are formed from single cells 
on complete glucose medium (YPD) plates at 30 oC under normal 
atmospheric conditions. 
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CHAPTER 6  
Investigating and improving genotype-phenotype 

interactions in yeast metabolic networks 
 

 
Usually, newer versions of genome-scale metabolic models (GSMMs) for the same 

organism encompass a broader metabolic coverage and claim more consistent and 

improved predictive capabilities, particularly in terms of genotype–phenotype 

relationships. In this chapter, the predictive accuracy of Saccharomyces cerevisiae GSMMs 

is addressed, by comparing in vivo mutant phenotypic data with the computed 

predictions, using the phenomenaly package developed in this thesis.  

Despite all the recent efforts and advances in the reconstruction and annotation of 

GSMMs, it is emphasized here that there is still much room for improvements towards 

more accurate predictions, particularly in terms of model specificity, as well as to broaden 

the network’s functionality and activity. A thorough characterization of the observed 

inconsistencies linked to the network’s activity and functionality guided the formulation 

of several hypothesis to address these failures. Many of the observed mismatches are 

related with the metabolism of cofactors and vitamins, and therefore a detailed 

composition of cofactors and vitamins was included in the biomass objective function, 

which was fully revised, with a significant impact either in terms of the network’s activity 

and the fraction of lethal and auxotroph-inducing genes correctly predicted (over 25% 

improvement). The call for the need of a regulatory layer in this type of models is also 

addressed, as well as the need of improved internal flux distributions, particularly when 

using simulation methods that depend on a reference flux distribution. Overall, the 

number of questions raised and addressed in this Chapter should contribute to more 

effective metabolic engineering projects using yeast as a cell factory. 
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6.1 Background 

Understanding how genes shape phenotypes is essential to design efficient cell factories, 

as well as to assess the evolutionary potential of a phenotypic trait. High-throughput 

phenotyping systems have been used to assay the effects of genetic changes in cells [1]. 

The resulting phenotypic data have been compiled and made available together with the 

results of more classical approaches in online repositories, such as the Saccharomyces 

Genome Database (SGD) for the model organism Saccharomyces cerevisiae [2]. 

Combining the generated data with modeling and computational tools harbors the 

potential to greatly improve our understanding of genotype-phenotype relationships and, 

thereby, support enhanced strain engineering and optimization [3]. 

Genome-scale metabolic models (GSMMs) constrained to optimize biomass production 

have the potential to predict the physiological behavior of a microorganism, under 

different environmental and genetic perturbations, through the representation of the 

interaction network between all the systems components (metabolites, reactions and 

annotated genes) [4]. Each time a new GSMM is published, it is often evaluated to 

demonstrate whether it is more complete in coverage and/or has better prediction 

performance than previous models. Therefore, the commonly used evaluation metrics 

can be divided in descriptive or predictive considerations, which are not necessarily 

positively correlated because tradeoffs between model predictive accuracy and network 

coverage have already been described [5,6]. 

The ability to correctly predict a certain phenotype upon a single or multiple gene deletion 

is critical to rational strain design. Although inherent limitations in GSMMs formulations 

always imply some degree of inconsistencies between experimental data and simulation 

results, these mismatches may become unacceptably high if a genome-scale metabolic 

network does not represent the full extent of the metabolic activities of the host organism 

or contains errors, thus affecting the quality of the results obtained with strain 

engineering algorithms. The difficulty of such predictions has long been identified as a key 

obstacle in the field and it is still considered a central challenge to model-driven metabolic 

engineering applications [5,7,8]. 

Here, the ability of GSMMs of S. cerevisiae to predict mutant phenotypes is 

comprehensively assessed. Taking advantage of the computational tool developed in this 
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thesis (Phenomenaly – Chapter 5) and of curated data sets of mutant phenotypes, several 

hypotheses were enumerated and explored, aiming to improve the predictive ability of 

the yeast metabolic networks and/or gain novel insights into yeast physiology through the 

evaluation of the underlying metabolic reconstructions.  

6.2 Material and Methods 

6.2.1 Models 

Models used in this study were obtained in SBML format from online repositories, as 

follows: 

• iFF708 and iMM904 downloaded from the Optflux’s repository at 

http://optflux.org/models.  

• Yeast 6 and Yeast 7 downloaded from the consensus yeast metabolic network 

project: http://yeast.sf.net. The latest community version available of each model 

was used, namely Yeast 6.06 (last modified on 12/10/2014) and Yeast 7.6 (last 

modified on 09/07/2015). 

6.2.2 Data retrieval and pre-processing 

The observable phenotype of a mutant strain may vary depending on the growth medium, 

the strain background or under different environmental stress conditions [9]. So, it is 

often difficult to generate a totally reliable reference set of essential genes to be used in 

model-driven analyses, since they might be essential only in context-specific conditions 

[10]. As described in detail in Chapter 5, phenotypic data retrieved from the 

Saccharomyces Genome Database (SGD) using the Yeastmine tool was additionally 

curated to take the mentioned context-specific conditions into account and closely mimic 

in silico the conditions used in experimental studies, by including the growth medium, 

possible auxotrophic requirements associated with the strain background (as for S288c- 

BY471, BY472 or BY4743) and other relevant conditions in the processing file. The 

essentiality dataset is composed by ORFs annotated as viable/inviable in SGD, filtered by 

all the ORFs found in existing models of S. cerevisiae, by strain background S288c and 

derivatives and mutant type (‘null’, corresponding to a gene knockout). The final data set 
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contains 165 ORFs annotated as inviable (or essential) and 818 ORFs annotated as viable 

(or non-essential).  

To assess the auxotroph-inducing mutations, a list of genes whose observable phenotype 

is annotated as “auxotrophy” in SGD was also downloaded from this database, and 

processed according to the description available in Chapter 5, which resulted in a final list 

of 148 verified ORFs annotated as auxotroph-inducing genes. Also, to avoid unfair 

comparisons, the same experimental data sets and in silico conditions were used when 

evaluating the different yeast GSMMs. 

6.2.3 Simulation of gene deletion phenotypes  

Simulations of single gene deletions were executed in phenomenaly (see Chapter 5), using 

IBM ILOG CPLEX optimization studio (academic) as the linear programming solver. 

Mutant phenotypes were simulated using two different constraint-based approaches: i) 

parsimonious Flux Balance Analysis (pFBA) - a variation of FBA that minimizes the overall 

sum of enzyme-associated fluxes [11], and ii) LMOMA, a linear programming formulation 

of the MOMA (Minimization of Metabolic Adjustment (MOMA) approach [12]. The 

environmental conditions were set according the specifications present in the curated 

data sets, with the uptake of the main carbon source set to 1.15 mmol/gCDW/h. 

Information regarding the medium definition is included in the dataset itself, as described 

in the previous Chapter. Since different model developers have annotated metabolites in 

distinct ways, a dictionary of standardized metabolites composing the main media 

formulations applied in the mutant phenotype predictions was created to facilitate and 

make the simulations consistent among the different models studied. In pFBA simulations 

the objective function was set as the maximization of biomass production. The LMOMA 

formulation allows for selecting an optimal wild-type FBA solution as the reference 

distribution of fluxes to then predict a perturbed flux distribution by minimizing the 

Euclidean distance between both. 

6.2.4 Mutant phenotypic analysis and evaluation 

The growth threshold is the minimum specific growth rate required for a knockout to be 

considered viable. Consistent with previous studies [13,14], 1% of the maximum 



Chapter 6 

   PhD Thesis | Hélder Lopes  146 

theoretical biomass yield was chosen as the viability threshold for computational 

identification of lethal knockouts. The agreement between model predictions and 

experimental data and consequently the model predictive performance was quantified 

using different metrics detailed below, calculated based on the outcomes of essentiality 

predictions as depicted in the following table, where, for instance, a TG is the prediction 

of growth and experimental annotation of growth, while a FG is the prediction of growth 

and experimental annotation of no growth:   

 
experimental 

Viable Lethal 

in silico 
Viable True Growth (TG) False Growth (FG) 

Lethal False Lethal (FL) True Lethal (TL) 

 
Metrics used: (i) Sensitivity (or True Positive Rate), corresponding to the fraction of 

correct viable predictions; ii) specificity (or True Negative Rate), corresponding to the 

fraction of correct inviable predictions; (iii) overall accuracy, i.e., the global fraction of 

correct predictions; and (iv) the Matthews correlation coefficient (MCC) [15], a metric 

commonly used to assess this type of predictions that considers all the cases without any 

assumption of the frequency of observations in the reference list of genes. 

 

(𝑖) 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑇𝑃𝑅) =  
𝑇𝐺

𝑇𝐺+𝐹𝐿
  

(𝑖𝑖) 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 (𝑇𝑁𝑅) =  
𝑇𝐿

𝑇𝐿+𝐹𝐺
  

(𝑖𝑖𝑖) 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝐺 + 𝑇𝐿

𝑇𝐺 + 𝐹𝐺 + 𝑇𝐿 + 𝐹𝐿
 

(𝑖𝑣) 𝑀𝐶𝐶 =  
𝑇𝐺 ∗ 𝑇𝐿 − 𝐹𝐺 ∗ 𝐹𝐿

√(𝑇𝐺 + 𝐹𝐺)(𝑇𝐺 + 𝐹𝐿)(𝑇𝐿 + 𝐹𝐺)(𝑇𝐿 + 𝐹𝐿)
 

To identify the auxotroph-inducing genes the simulation was performed in the absence 

and in the presence of the metabolite for which the mutant strain becomes auxotrophic. 

In previous yeast model assessment studies, auxotroph-inducing genes were evaluated 
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by merely simulating the gene knockout in minimal or complex media, without a particular 

emphasis on the compound for which the strain is reported to be auxotrophic upon a 

certain gene deletion. Basically, a gene knockout is considered to cause strain auxotrophy 

for a particular compound if the cell only grows when the referred metabolite is present 

in the growth medium. So, to the best of our knowledge, this metabolite-focused 

approach has never been implemented before to measure this phenotypic behavior. To 

assess the model ability of predicting auxotroph-inducing genes, the same metrics 

described before were applied. 

6.2.5 Blocked reactions 

A reaction in a metabolic model is defined as blocked under a given medium condition if 

it cannot display a steady-state flux other than zero: 

𝑗 𝜀 𝐽𝐵𝑙𝑜𝑐𝑘𝑒𝑑  ⟺ 𝑣𝑗 = 0, ∀ 𝑣 𝜀 𝐹   

where J Blocked is the set of blocked reaction indexes, 𝑣𝑗 is the activity trough the flux 𝑗 and 

𝐹 is the so-called flux space F, i.e. the set of all flux distributions compatible with the given 

constraints. This set can be computed solving a set of linear programming problems, as 

proposed by Burgard and coworkers [16]. Following this rationale, the minimum and 

maximum flux value through each reaction of the system were determined using Flux 

Variability Analysis (FVA) [17]. Blocked reactions were categorized as those with both 

maximum and minimum values equal to zero, under the environmental conditions 

specified for each simulated case. 

6.2.6 Network’s functionality and activity analysis 

To assess the influence of the revised biomass objective function in the internal flux 

distribution of the metabolic model, both versions of the Yeast 7.6 model (the original 

one and the version with the modifications specificied in Supplementary Information) 

were imported into Optflux 3.2.8 for MacOS and the environmental conditions were set 

to mimic minimal growth media supplemented with glucose under fully-aerobic 

conditions (ammonia: unconstrained uptake, phosphate: unconstrained uptake, sulfate: 

unconstrained uptake, oxygen: unconstrained uptake, glucose: fixed uptake of 1.15mmol/ 

gCDW h). The flux carried by each one of the internal reactions was analyzed following a 
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binary assessment to determine if a reaction was active or not in the simulated conditions 

of the wild-type organism (cutoff: 1e-9 mmol/gDW/h).  

Expression microarray data was obtained through the GEO database (GEO accession 

number: GSE37599) and RNA-seq data was retrieved from 

http://gbrowse.sysbio.chalmers.se (accessed on 23/11/2017). Since, according to the 

authors of the respective study, Stampy showed the highest mapping accuracy for ORFs 

with high genetic variation, the FPKM (Fragments per Kilobase Million) values of 

chemostat experiments resulting from this aligner were used [18]. Since some FPKM 

values are zero, expression values were represented in log2(FPKM+1). 

6.2.7 Standardization of models’ subsystems 

Consensus yeast metabolic network models do not have information in the SBML file 

regarding the pathway associated to each reaction in the system, like it is represented, 

for example, in the SBML files of iFF78 and iMM904 models under the tag “subsystem”. 

This fact hinders the comparative analysis of different models in terms of the respective 

metabolic pathways, which are indeed a valuable instrument to understand the 

biochemistry of the cell. To address this issue, information obtained from model 

integration algorithms developed in our group (manuscript in preparation) was used to 

attribute, whenever possible, a pathway to each reaction in the model according to the 

information available in other GSMMs of S. cerevisiae. The resulting information was then 

contrasted and complemented with biochemical pathway curated data available at SGD 

in order to attribute a pathway to each gene present in the model. The resulting pathway 

information was further standardized across the different models tested in our study to 

make unbiased comparisons between them.   
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6.3 Results and Discussion 

6.3.1 Characterization of S. cerevisiae genome-scale metabolic models 

Since the first GSMM of S. cerevisiae was published nearly 15 years ago [19], several 

authors have expanded and enriched the reconstruction of metabolic networks of this 

microorganism, as depicted in Figure 6.1 and broadly described in Chapter 2. The average 

genome coverage of the published GSMMs of S. cerevisiae is of 12.7%, with iTO977 as the 

yeast reconstruction with more annotated ORFs (14.6% of all the annotated genome) and 

iFF708 as the model with less genes (9.4% of all the genome). 

 
Figure 6.1 Genome-scale metabolic networks of Saccharomyces cerevisiae reconstructed and 

published over time, and their genome coverage. The GSMMs highlighted in orange were selected 

for further description and analysis. Genome coverage calculation is based on the annotation 

status of the S. cerevisiae genome as of 18/01/2017, i.e., a total of 6604 ORFs, including verified, 

uncharacterized and dubious annotations (source: www.yeastgenome.org/genomesnapshot).  

To provide a snapshot of the reconstruction evolution of yeast metabolic networks, four 

representative GSMMs of S. cerevisiae were selected, including the first eukaryotic model 

to be published [20], the commonly used iMM904 [21] and the two latest versions of the 

consensus model of yeast metabolism (Yeast 6 and Yeast 7), since the latest one includes 

a major revision of the lipid metabolism and a considerable higher number of reactions, 

as further described.  
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Statistics of the four representative GSMMs (iFF708, iMM904, Yeast 6.06 and Yeast 7.6), 

including the number of genes, metabolites, internal reactions and gene-associated 

reactions are compiled in Figure 6.2A. The image depicts a clear trend, with the number 

of reactions and metabolites increasing over time (along with number of compartments 

– Chapter 2), though the number of annotated genes is very similar if we compare the 

iMM904 model published in 2009 with the more recent Yeast 7 model (version 7.6) 

(Figure 6.1).  

 

Figure 6.2 Descriptive metrics of four genome-scale metabolic models of Yeast. (A) Model 

numbers in terms of genes, total metabolites, internal reactions and gene-associated reactions. 

(B) Model connectivity: number and relative percentage of all the reactions present in the model 

that are blocked, i.e., cannot carry flux under the given environmental conditions, including 

minimal medium (the minimal set of compounds required for growth), an abstraction of the YPD 

complex medium, and when the uptake of all compounds for which there is an exchange reaction 

in the model is allowed (complete medium). 

 
Model connectivity is often assessed by accounting the number of dead-end metabolites 

and blocked reactions, i.e., reactions that cannot carry flux in a given environmental 

condition; thus, the number of blocked reactions for a certain model may vary depending 

on the exchange reactions composing the growth medium, as shown in Figure 6.2 

(calculation details are provided in the Materials and Methods section). This often 

happens because some pathways are only activated when a compound or its precursor is 

made available in the medium. However, blocked reactions may also point to the 

incompletion of given metabolic pathways in the model and may therefore influence the 

model predictive accuracy. As expected, the more the metabolites present in the growth 

medium, the less the number of blocked reactions. The percentage of blocked reactions 

in the selected GSMMs is quite high even when all exchange reactions were allowed to 
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carry flux. Interestingly, in this condition, the oldest model seems to hold higher 

connectivity when compared to more recent models. Although the relative percentage of 

blocked reactions in the more recent model Yeast 7.6 is lower in all tested conditions, 

when assessing the number of reactions by pathway (Figure 6.3), it is clear that the 

significantly higher number of reactions present in this GSMM is mainly related with the 

revision of the lipid metabolism, particularly the glycerolipid and phospholipid 

metabolism, and transport reactions between different cellular compartments thereof (as 

indeed stated by the authors[22]); hence denoting high connectivity of the lipid 

metabolism associated reactions, but not a major improvement regarding the other 

metabolic pathways.  

 

Figure 6.3 Distribution of the number of reactions by metabolic pathway in four genome-scale 

metabolic models of Saccharomyces cerevisiae. 

6.3.2 Predicting the phenotypic effects of gene knockouts  

The ability to evaluate growth phenotypes in a high-throughput manner, both 

experimentally and using stoichiometric models, has contributed to making model 

comparisons to gene deletion growth phenotypes a community standard in the evaluation 

of new models [23]. The comparison of the available experimental data with the predicted 

growth phenotype of mutant strains may result in four different outcomes: True Growth 

(TG) or True Lethal (TL), when both in silico and experimental data agree on growth or no 

growth of the mutant strain, respectively; False Growth (FG), when model predicts growth 

but there is experimental evidence of no growth; and False Lethal (FL), when a gene 
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knockout is predicted to be lethal in silico but there is experimental annotation of growth 

(see Material and Methods). 

Overall, essential genes are genes required for a cell or an organism to survive. The 

deletion of such genes causes cell death, indicating that these genes perform essential 

biological functions. However, some of the essential genes seem to have non-essential 

functions [10]. If some genes are considered “absolute essential” (i.e. genes required for 

maintaining a cellular life under a stress-free environment), other null mutants can be 

rescued by nutrient supplementation, for example. In turn, a yeast gene required for 

respiration is essential only when ethanol or glycerol is the sole carbon source, which 

means that often essentiality depends on the environment in which cells live; thus, to 

perform reliable predictions this should also be taken into account in the simulation 

environment. Auxotrophy can be defined as the inability of an organism to synthesize a 

particular organic compound required for its growth. Thus, the auxotroph-inducing genes 

are considered “conditionally essential”, though little attention has been given to this type 

of mutant predictions when evaluating a new GSMM. The next results show the ability of 

GSMMs of S. cerevisiae on predicting both essential and auxotroph-inducing 

(conditionally essential) genes. 

Despite evidences of incremental changes in yeast network reconstructions, as described 

in Chapter 2, marked shifts in model predictive accuracy or other metrics merely arising 

from changes in the structural network are still not evident [5]. Often, overall predictive 

accuracy of single gene essentiality, i.e., the global set of correct predictions, is the 

preferred measure to evaluate model performance. From Figure 6.4 we can indeed see 

that the overall accuracy is around 90% for all the tested models, while the fraction of 

non-essential genes correctly predicted (model sensitivity) exceeds 98% (pFBA) - 

calculation details are provided in the Materials and Methods section. However, using the 

Matthews Correlation Coefficient (MCC), a performance metric designed to handle data 

imbalance - i.e. when the sample size in the data classes are unevenly distributed – which 

considers all the cases without any assumption of the frequency of observations in the 

reference list of genes, the prediction values are more modest and the differences in the 

performance of the tested models are more evident, with the most recent model (Yeast 

7.6) standing out from the rest. Moreover, if we focus on the fraction of correctly 
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predicted lethal knockouts, also known as model specificity, the scenario also changes 

considerably; although this parameter has improved in the latest models, it does not 

exceed 50% of correct predictions for Yeast 7, and the percentage value drops to nearly 

half for iFF708 and iMM904 (Figure 6.4). The gap in the model specificity of the available 

metabolic reconstructions for yeast and the corresponding models for prokaryotic 

organisms, such as Escherichia coli [24], Bacillus subtilis [25], Helicobacter pylori [26] or 

Pseudomonas putida [27], is indeed significant -  model specificity is over 73% for all of 

these prokaryotic organisms. Therefore, a particular focus should be given to study and 

improving this type of growth predictions. It should be emphasized that tools such as 

algorithms for identifying metabolic engineering targets rely heavily in the ability of 

models to predict the effect of gene knockouts [28,29]. The results shown here 

demonstrate that model-based metabolic engineering strategies might contain a priori a 

significant number of inviable solutions. 

 

 
Figure 6.4 Gene essentiality predictive accuracy metrics, including model specificity and 

sensitivity, overall accuracy and the Matthews Correlation Coefficient (MCC) score, using two 

different simulation methods (pFBA and LMOMA) and the original models iFF708, iMM904, Yeast 

6.06 and Yeast 7.6. 

 

A similar scenario is observed when simulating single gene deletions known to cause 

auxotrophy (Figure 6.5), although less marked differences among the four tested models 

in terms of specificity and MCC performance metrics are observed for this phenotype.  
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Figure 6.5 Predictive accuracy metrics of conditionally essential genes (auxotrophy phenotype), 

including model specificity and sensitivity, overall accuracy and the Matthews Correlation 

Coefficient (MCC) score, using two different simulation methods (pFBA and LMOMA) and the 

original models iFF708, iMM904, Yeast 6.06 and Yeast 7.6. 

 

Different constraint-based approaches can also lead to different results (Figure 6.4 and 

Figure 6.5). From a general perspective, the overall accuracy is slightly lower when using 

a LMOMA-based approach for all the tested models, mainly due to a decrease in model 

sensitivity. Given the less stringent constraints imposed in MOMA formulations regarding 

biomass formation, it is expected that the number of lethal genes would be higher using 

this simulation method. This would imply an improvement in specificity but maybe also a 

worse performance regarding sensitivity, i.e., an increase in the number of True Lethal 

but also in the number of False Lethal. Although overall the differences are not very 

pronounced, especially regarding specificity (< 1% for all the tested models), it was indeed 

observed a decreased performance regarding sensitivity when using LMOMA (-3.5% for 

Yeast 7.6 and iMM904, -1.7% for Yeast 6.06 and -1% for iFF708 model). LMOMA uses a 

reference flux distribution to predict a perturbed flux distribution by minimizing the 

Euclidean distance between both [12]. Therefore, these results might also reflect a poor 

internal flux distribution of the respective models. A recent study reported that the oldest 

GEM of S. cerevisiae (iFF708) showed the best prediction of central carbon fluxes among 

several models tested [30]. Interestingly, it was also observed that this model is one of 

the most consistent when comparing the results obtained with the two simulation 

approaches, in contrast, for example, with the iMM904 model whose MCC value is 0.4 
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(pFBA) versus 0.27 (LMOMA) (Figure 6.4). The impact of an optimized internal flux 

distribution on the Yeast 7.6 model is discussed in topic 6.3.9. 

6.3.3 Dissecting the network reconstructions and the underlying metabolic 

fluxes 

A key step when reconstructing a metabolic network is to correctly map all the annotated 

metabolic genes to enzymes and then to reactions in order to get the so-called gene-

protein-reaction (GPR) associations, that aim to assign a given function to a particular 

gene, using boolean operators “and”/”or” to model these relationships in specific cases 

[31]. For example, it is important to verify the cases where more than one protein can 

carry out the same function, hence catalyzing the same chemical reaction, commonly 

known as isozymes (e.g. GPR: ‘ORFa’ or ‘ORFb’), and where the functional protein is an 

enzyme complex, often meaning that more than one subunit of the complex is needed for 

the function of the protein complex (e.g. GPR: ‘ORFc’ and ‘ORFb’). Mistakes in the GPR 

associations will be reflected in the results of mutant phenotype studies. Many reactions 

are indeed catalyzed by different isozymes, which means that by simply knocking-out one 

of those genes, no differences will be observed between the wild-type and the mutant 

flux distribution. 

Figure 6.6 portraits the characterization of the internal reactions constituting the recent 

model of S. cerevisiae (Yeast 7.6), carried on for uprooting possible justifications for the 

inconsistencies observed between in vivo and in silico data. Henceforth, detailed analyses 

will be only focused on this model, since it revealed to be the one with broader network 

coverage and better predictive accuracy. From the total number of internal reactions 

present in the model, there are 1025 (31%) that are not associated with any gene; from 

those the vast majority are transport reactions (752) and about 19% (159) are associated 

with the representation of fatty acid, glycerolipid and glycerophospholipid metabolism 

that was revised in this model, particularly with “isa reactions” used to categorize 

individual specific species into general classes [22]. Although not studied in much detail 

here, it could be interesting to analyze if there are evidences that link some of these 

reactions to lethal genes, which may impact the model performance and contribute to 

better predictions. From the gene-associated reactions (69% of all the internal reactions 
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present in the model), there is a considerable percentage of them that will never be 

inactivated upon the knockout of an assigned gene (19%), due to the way the respective 

GPR association is formulated, which per se does not mean any misrepresentation. 

However, among those, only 2 gene-associated reactions do not have any phenotype 

annotation in SGD considered to be predictable using GSMMs (according to what was 

defined in Chapter 5), meaning that for the remaining 442 reactions, although 

experimental data proves that gene deletion has an impact in the phenotype, model 

structure tells us otherwise, independently of the medium or even simulation methods 

used.  

 

Figure 6.6 Characterization of the internal reactions present in the model Yeast 7.6. From gene- 

and non-gene-associated reactions (A), to the percentage of gene-associated reactions that are 

inactivated (IR) or not (NIR) upon a certain gene deletion, due to GPR constraints (B). Panel (C) 

subdivides the number of reactions that become inactive upon a gene deletion (IR) and have a 

GPR association with at least one gene with a predictable phenotype in SGD in: blocked reactions 

and reactions whose flux in the wild-type simulation is either zero or non-zero. IR: inactivated 

reaction(s) upon a gene deletion. NIR: non-inactivated reaction(s) upon a gene deletion. 

In turn, among the cases where a certain gene deletion leads to the inactivation of at least 

one reaction (IR) and present predictable phenotypic traits registered on SGD, there is a 

significant number of reactions that are blocked in different simulation conditions or 

environments (over 19% in all cases analyzed). Therefore, the simulation of mutant 

phenotypes related with these genes/reactions will not cause any perturbation in 

comparison with the flux distribution of the wild-type strain. Additionally, a large number 



Improving genotype-phenotype associations in yeast metabolic networks 

PhD Thesis | Hélder Lopes 157 

of these “IR” reactions (over 60% in all cases analyzed) do not carry flux in the wild-type 

simulation, which suggests that a single perturbation in reactions that are not active in 

the reference flux distribution will hardly cause a significant impact in the mutant 

phenotype simulation. The overall picture barely changes when scrutinizing the internal 

fluxes of the other GSMMs tested. 

The analysis of the inconsistencies observed between model predictions and 

experimental evidences of gene essentiality denote that many FG predictions are related 

with blocked reactions or with the inactivation of reactions that, despite not being 

blocked, do not carry any flux in the wild-type reference distribution (Figure 6.7). Also, a 

number of FG predictions suggest the need to curate the respective GPR association, since 

they are related with cases where the gene KO simulation does not inactivate any reaction 

in the model. Moreover, the large majority of the observed mismatches (FG and FL) are 

related with genes assigned to the metabolism of cofactors and vitamins, suggesting that 

some compounds are likely required in the biomass composition of the model.  

 

Figure 6.7 Characterization of the gene essentiality predictions. (A) Number of false and correct 

predictions and their association to corresponding reactions in the network, according to the 

analysis presented in the previous figure. (B) Number of false predictions by corresponding 

metabolic pathway in the model. IRs: inactivated reactions upon a gene knockout; FG: false 

growth; FL: false lethal; TG: true growth; TL: true lethal 

 

Based on this analysis, several hypotheses were generated to help unveiling and, 

whenever possible, correcting the discrepancies observed between computational 

A B
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predictions and experimental evidences, with the ultimate goal of improving the model 

predictive accuracy and gaining novel insights into yeast physiology, as discussed in the 

next topics.  

 
 

6.3.4 Revising the in silico representation of yeast’s biomass composition 

Microbial cells often strive for maximizing their growth, as revealed, for example, in 

adaptive laboratory evolution studies [32–34]. Based on that assumption, cell growth is 

often simulated by maximizing the flux through a pseudo growth reaction, often called 

Biomass Objective Function (BOF), which describes the growth requirements of a cell [35]. 

Biomass composition is therefore considered a critical element in the simulation of 

genotype-phenotype relationships using GSMMs. To formulate a detailed biomass 

reaction one needs to know the macromolecular content of the cell underlying the 

metabolic and energetic requirements needed to generate biomass from metabolic 

precursors, i.e., weight fraction of protein, genetic material, lipids, carbohydrates, energy 

and other organic molecules, as described in Table 6.1. 

A study aiming to improve the model predictive capacity  of the iMM904 GSMM, already 

put some focus on changes of the biomass formulation (which were further maintained 

in the more recent versions of the consensus model), since they found that many 

inconsistencies were associated with tRNA charging reactions and, for that reason, 

charged and uncharged tRNA molecules were placed in the biomass equation to 

substitute the corresponding amino acids, hence correcting the mentioned discrepancies 

[14]. However, notwithstanding all the progress in the reconstruction of genome-scale 

stoichiometric models and analytical procedures, the biomass composition of S. cerevisiae 

models has barely changed over time. Recently, Dikicioglu and colleagues have even 

classified biomass composition as the ‘‘elephant in the room’’ of yeast metabolic 

modelling [36].  
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Table 6.1 Growth requirements of the cell driving the formulation of the biomass equation. 

Growth requirements Precursors (examples) 

Macromolecules  

Proteins Amino acids 

Carbohydrates Trehalose, glycogen, mannan, glucan, chitin 

Lipids Glycerides, fatty acids, sterols, sterol esters, phospholipids, sphingolipids 

DNA dAMP, dCMP, dGMP, dTMP 

RNA AMP, CMP, GMP, UMP 

Energy Maintenance, polymerization, P/O ratio 

Others Coenzymes and prosthetic factors, vitamins 

 

All the existing S. cerevisiae GSMMs include some core biomass components such as 

amino acids, nucleotides, carbohydrates and lipids. However, none of the published 

models include a detailed composition of vitamins, coenzymes and prosthetic groups in 

the biomass reaction. Although mentioned in the manuscript of the iMM904 model that 

biomass function was also reformulated to include trace amounts of additional cofactors, 

according to the biomass formulation used in the iLL672 model - for which no computable 

file has been provided by the authors [37] -, these changes are not reflected in SBML files 

available in public repositories such as the BIGG database or the Optflux’s repository, from 

where many researchers have been downloading them for research and model 

benchmarking purposes [5].  

Cofactors, in particular, are small molecules, that although not consumed in metabolism, 

bound to an enzyme facilitating the catalysis of a reaction, including several transfer and 

redox reactions; thus, cofactors are needed to drive the metabolic process, and their 

synthesis or uptake are required upon cell growth and division to assure constant 

amounts in a changing cellular volume. In order to represent this essentiality, those 

cofactors should be included as biomass components. Therefore, a number of organic 

enzyme cofactors deemed as essential to carry enzymatic functions were included in the 

biomass equation of the latest yeast GSMM (Figure 6.8) [38,39], that was reformulated 

based on the information available in the literature. Detailed information about the 
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importance of the added cofactors for enzyme catalysis and metabolism is provided in the 

CoFactor database from EBI2. 

 

Figure 6.8 Pool of organic coenzymes and prosthetic groups added to the original biomass 

composition of Yeast 7.6 model. 

 

The new biomass formulation is composed by different pseudo-reactions representing 

the assembling the different macromolecules (proteins, carbohydrates, lipids, RNA, DNA), 

essential cofactors and the growth-associated energy requirements (ATP). In turn, the 

lipid composition is also subdivided in different reactions (fatty acids, sterols, phospholids, 

shingolipids, triglycerides and ergosterol esters) – see details in Supplementary 

Information (Tables S6.1-S6.10). For example, the way the fatty acids pseudo reaction is 

formulated in the original model only requires one of the following compounds to 

guarantee cell growth: myristate, palmitate, palmitoleate, stearate or oleate; so, only the 

respective biosynthetic pathway is activated for in silico growth, hence not correctly 

representing the total growth requirements. This misconception is corrected with the new 

formulation proposed here. Also, the coefficients of every constituent in the 

macromolecular pseudo-reactions were recalculated and detailed, in accordance to the 

available experimental data in the literature and other pertinent evidences. 

Previous studies reported the need for precise measurements and careful validation of 

the biomass composition in flux calculations using metabolic models [40]. The 

                                                      
2 https://www.ebi.ac.uk/thornton-srv/databases/CoFactor/  
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modifications made here were performed to assess the impact of variations in yeast’s 

biomass composition - particularly the inclusion of different coenzymes - in the predictive 

accuracy of the yeast metabolic model. Also, the representation of the biomass 

composition through different pseudo-reactions resembling the macromolecular 

composition experimentally determined allows an easy update of the information coming 

from new studies on the yeast biomass composition  

6.3.5 Addition of new elements to biomass composition enabled the 

discovery of missing reactions and genes in the yeast metabolic network  

The addition of new compounds to the biomass representation in the model has driven 

the discovery of missing or erroneously present metabolic functions in the yeast network. 

First, in silico growth was re-evaluated and it was observed that the model was not able 

to produce biomass when a pool of coenzymes and vitamins were included in the biomass 

objective function. The ability of the model to produce all of compounds mentioned in 

Figure 6.8 was therefore investigated, along with flux variability analysis of the associated 

biosynthetic reactions. The reactions r_0116, r_2040, r_1167 and r_1255, mainly 

associated with the intercompartmental transfer of FMN, riboflavin, glutathione and 

SAM, respectively, were unconstrained. However, the metabolic pathways for the 

biosynthesis of Vitamin B6 (known in its active form as pyridoxal 5’-phosphate – P5P) and 

Vitamin B1 (thiamin) revealed themselves as the main growth bottlenecks. Literature 

search provided information regarding P5P biochemistry in yeast, making clear that this 

organism is capable of producing this vitamin via a different route, involving precursors 

from glycolysis and the pentose phosphate pathway [41,42], as depicted in Figure 6.9A. 

Only the so-called salvage pathway, where pyridoxine, pyridoxal and pyridoxamine are 

phosphorylated through the action of specific kinases, hence leading to the formation of 

P5P, was present in the network. So, a new metabolic reaction for de novo synthesis of 

P5P and the two associated genes were added to the metabolic network (Table 6.2), as it 

has also been recently discussed in another model-guided study of biomass composition 

in prokaryotes from our group [38].  

Regarding thiamin metabolism, it is known that S. cerevisiae utilizes external thiamine for 

the production of thiamine diphosphate (ThDP) or can synthetize the cofactor itself [43], 
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as outlined in Figure 6.9B, where the thiamin metabolism in yeast is illustrated, along with 

the metabolic steps carried out by the gene products. The reaction catalyzed by THI5p, a 

protein involved in synthesis of the thiamin precursor hydroxymethylpirimidine (HMP) for 

which there are also inferences in the literature [44], was not present in the original model 

and it was hence added to the network. Interestingly, by exploring the thiamin 

biosynthetic pathway it was observed that a reaction for which there is no experimental 

evidence in yeast (r_2069 - EC 2.7.4.16) was present in the model, likely resulting from 

gap-filling approaches. Besides the absence of solid evidences in the literature, the 

presence of this reaction in the network is responsible for the inconsistency between the 

computational output and experimental evidence of gene essentiality regarding the THI80 

gene [45], that the original version predicts as non-essential, and which was corrected 

with the stated modifications.  

 

Figure 6.9 Schematic outline of pyridoxal 5’-phosphate (P5P) (A) and thiamin diphosphate (ThDP) 

(B) metabolism in yeast. Blocks with red dashed lines represent additions to the Yeast 7.6 model, 

including the genes that allow de novo production of P5P (SNO1 and SNZ1), and THI5, a gene 

producing a precursor of ThDP biosynthesis for which there is experimental evidence in the 

literature. Red cross on panel B represents the removal of reaction r_2060 (thiamine-phosphate 

kinase) for which there is no experimental evidence in the literature.  

Additional information about the missing pathways that were explored and further added 

to the thiamin biosynthetic pathway is provided in Table 6.2.  
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Table 6.2 Missing reactions and associated genes added to the model Yeast7.6 related with 

vitamins B1 and B6 biosynthesis and the elimination of glycoaldehyde as by-product. 

Pathway Revision Justification References(s) 

Vitamin B6 

metabolism 

Reaction added: 

• KEGG ID - R07456 
  [GPR - YMR095C and 

YMR096W] 

Reaction needed to 
produce Pyridoxal-5’-
phosphate. 

[42], [46] 

Thiamin 

biosynthesis 

Reaction added: 

• KEGG ID - R10686  
 [GPR - YFL058W] 

Pathway to produce 
thiamin diphosphate 
precursors. 

[44] , [47] 

Glycolate and 

glyoxylate 

degradation 

Reactions added: 

• KEGG ID - R00717 
[GPR: YNL274C] 

• KEGG ID - R00465 
[GPR: YNL274C] 

• KEGG ID – R01333 
 
New specie added:  

• KEGG ID: C00160 (glycolate) 

A side effect of adding 
new elements to the 
biomass composition was 
the formation of 
glycolaldehyde. This was 
corrected by adding these 
(missing) pathways 

[39] , [48] 
 

 

A side effect of the revision of yeast biomass composition was the in silico production of 

glycolaldehyde as growth by-product, as it was also reported, for example, in the 

publication of the milk yeast GSMM [49]. Glycolaldehyde is generated in the folate 

biosynthesis pathway catalyzed by the dihydroneopterin aldolase - encoded by FOL1 

(YNL256W) - that produces an important folate precursor. Since tetrahydrofolate (THF) is 

one of the coenzymes included in the new biomass objective function, this pathway is 

now necessarily activated. Considering that glycolaldehyde is not reused in the original 

metabolic network it was necessarily excreted as by-product, which drove the exploration 

of evidences in the literature for its metabolic reuse in yeast. The enzyme glyoxylate 

reductase reversibly reduces glyoxylate to glycolate (that is not represented in the existing 

GSMMs of S. cerevisiae), using either NADPH or NADH as cofactors [48], suggesting that 

the interconversion of glycolaldehyde and glycolate must also occur in yeast (EC 1.2.1.21) 

- as it was also considered in the recent reconstruction of the Pichia pastoris metabolic 

network [39] - possibly encoded by one of the many still uncharacterized ORFs. This issue 

was solved by adding the corresponding reactions as indicated in Table 6.2.  
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6.3.6 Modifications in the biomass composition contribute to broaden the 

network’s functionality and activity 

Organic enzymatic cofactors often need to be de novo synthetized or obtained from 

enzymatic transformation of organic precursors, in biosynthetic pathways that 

encompass many enzymes. Thus, it is expected that the incorporation of these 

compounds in the biomass equation will activate many of those reactions, resulting in a 

wider coverage of network functionality and required network activity, hence impacting 

genotype-phenotype predictions and model predictive accuracy [35]. Indeed, through the 

analysis of the number of reactions not carrying flux under minimal growth requirements, 

it was observed that when maximizing growth of the wild-type strain through the original 

biomass reaction (ID: r_4041) there are over 5% more reactions with zero flux, in 

comparison with the maximization of the new formulated biomass objective function 

(Figure 6.10A). Although the number of reactions not carrying flux in the same simulation 

conditions is still fairly high (2763 out of the 3326 internal reactions analyzed) when 

maximizing growth via the new BOF, there are 157 reactions that become active. 

Inversely, a reduced number of reactions (14) transit from an active to inactive state, 

mainly because there are alternative pathways in the network which become preferred 

in the internal flux distribution. 

 

Figure 6.10 Influence of the new biomass objective function (BOF) in the internal flux distribution 

of pFBA simulations obtained using the Yeast 7.6 metabolic model. (A) Number of inactive 

reactions, i.e., reactions whose flux is zero in the wild-type simulation (pFBA) under minimal 

growth requirements, using either the original BOF (r_4041) or the new BOF created in this study. 

(B) Distribution of the 157 reactions only active when maximizing growth through the new BOF by 

metabolic pathway, subdivided in gene- and non-gene-associated reactions.  
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Interestingly, 98 out of the 157 newly activated reactions (62.4%) are gene-associated 

reactions, which might therefore affect the mutant phenotype predictions associated 

with the respective genes. Moreover, a large number of the reactions non-associated with 

genes (43 out of 59) are relative to the intercompartmental transfer of metabolites due 

to the activation of the respective pathways, meaning that, if we exclude these ones, the 

vast majority of the activated reactions are indeed gene-associated. Since several 

cofactors were added to the new biomass objective function, it is not surprising that a 

significant number of the activated reactions are associated with the metabolism of 

cofactors and vitamins (pantothenate and CoA biosynthesis; quinone biosynthesis; folate 

metabolism; nucleotides metabolism; riboflavin, FMN and FAD metabolism; thiamin 

metabolism and pyridoxine metabolism). Also, many reactions of the lipid metabolism 

became active, as shown in Figure 6.10B. 

We went a step further to check for evidences in the literature that these reactions should 

actually be active in the simulated conditions. Transcription is the first step of gene 

expression; therefore, available transcriptomic data can provide insights into the subject. 

Indeed, transcriptomics data from chemostat cultivations of S. cerevisiae grown in similar 

conditions to the performed in silico simulations, indicate that genes encoding enzymes 

which catalyze the above mentioned activated reactions are actively expressed, hence 

supporting the applied modifications to the model’s biomass composition (Figure 6.11) 

[18]. Moreover, among those, there is a set of genes with evidences of being differentially 

expressed in chemostat cultures (respiratory conditions – just like the simulated ones) 

when compared to batch cultures (respiro-fermentative conditions), which constitutes an 

even stronger evidence that these reactions might actually be active in vivo (Figure 6.11). 

As expected, many of these genes are related with the metabolism of cofactors and lipids, 

the pathways associated with the biosynthesis of the new biomass elements (Table 6.3). 
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Figure 6.11 Gene expression profile based on transcriptomics data of S. cerevisiae cultures.  

(A) Average expression level from chemostat cultivations for genes associated with reactions 

activated when maximizing growth through the new formulated biomass objective function 

obtained from RNA-Seq-based transcriptome (represented in Fragments per Kilobase Million 

FPKM+1 log2-transformed values) and microarray data (normalized and log2-transformed 

expression value indexes) [18]. Blue diamonds and dark triangles correspond to the genes 

associated with the activated reactions in microarray- and RNA-seq-based data, respectively, in 

the universe of yeast’s transcriptome. (B) Fold change values of gene expression between batch 

and chemostat microarray data, corresponding to the genes associated with activated reactions 

panel A (blue diamonds). 
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Table 6.3 Differential gene expression between chemostat and batch cultures of S. cerevisiae 

regarding the genes associated with reactions activated when maximizing growth through the 

revised biomass objective function and their respective metabolic pathways.  

Metabolic Pathway DGE [Chemostat] DGE [Batch] N-DGE 

Metabolism of 
cofactors and vitamins 

COQ4, ABZ2, THI20, 
YEF1, NMA2, THI20, 
CAB2, FMS1, COQ9, 
COQ3, THI21, UTR1, 
VHS3 

PAN5, ECM31, SPE2, 
FOL3, FOL1, GET3, 
BTS1, GCV3, FOL2, 
COQ2, BNA6, CAB1, 
PAN6, SPE4, COQ1, 
COQ8, COQ5, GCV2, 
GCV1, NMA1, SIS2 

ABZ1, FAD1, QNS1, 
CAB4, CAB3, THI6, 
COQ6, CAT5, THI22 

Lipid metabolism 
FOX2, POT1, POX1, 
FAA2, OLE1, FAA4, 
GPT2, FAA1 

ARE1, SLC1, CDS1, 
PSD1, ARE2 

GPD2, ALE1, CHO1, 
CHO2, OPI3, PGS1, 
GEP4, CRD1 

Amino acid metabolism 
UGA1, CTT1, CTA1, 
UGA2, ADI1 

UTR4, BNA1, MEU1, 
AAT2, BNA4, BNA2 

BNA5, GFA1, BNA7 

Metabolism of other 
amino acids 

ALD2, ALD3 GSH2 GSH1 

Carbohydrate 
metabolism 

MDH3, MLS1, KGD2, 
LPD1, KGD1 

CIT2 - 

Nucleotide metabolism YNK1 APT1 - 

Metabolism of 
terpenoids and 
polyketides 

- ERG12 - 

Transport - RIM2 PET8 

DGE: differential gene expression observed; N-DGE: no differential gene expression observed 

6.3.7 Revised biomass formulation significantly impacts gene essentiality 

predictions  

The revision of the model’s biomass composition has resulted in a broaden flux network 

coverage, leading to the activation of a higher number of pathways in the wild-type 

organism, as previously discussed. The modifications applied had also a substantial impact 

in the simulation of mutant phenotypes, particularly, in the model specificity, i.e., the 

fraction of correctly predicted essential and auxotroph-inducing genes, as it is perceptible 

in Figure 6.12. The fraction of correctly predicted essential genes increased 18.5% and, at 

the same time, there was also an improvement of 25.4% in the prediction of auxotrophic 

requirements for growth when simulating growth through the revised biomass objective 

function (newBOF), in comparison with the original version of the Yeast7.6 model. As 

expected, most of these corrected predictions are related with the metabolism of 

cofactors and vitamins, as depicted in Figure 6.13. 
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Figure 6.12 Model predictive accuracy of essential and auxotroph-inducing genes.  

 
Nevertheless, despite the remarkable increase in the model specificity, the model 

sensitivity was negatively affected. A detailed analysis of the cases that were now 

incorrectly predicted as lethal genes revealed that nearly 52% of these are associated with 

blocked reactions in the original conditions that were activated when adding coenzymes 

to the biomass equation (Figure 6.14).  

Moreover, the vast majority of these cases (90%) are associated with those reactions that 

became active when simulating growth through the new BOF, for which there are 

transcriptomics evidence that they should actually be active in the WT strain (Figure 6.14). 

Therefore, this might suggest that some TG cases were correctly predicted with the 

original model not necessarily because the model performed better but, probably, due to 

“fortunate” structural and functionality issues of the metabolic network. 
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Figure 6.13 From false growth (FG) to true lethal (TL) predictions. Newly corrected predictions by 

pathway when using the revised biomass formulation (Yeast76_newBOF) in comparison with the 

original BOF. 

 

 
Figure 6.14 From true growth (TG) to false lethal (FL) predictions. Analysis of the cases that 

became incorrectly predicted when using the revised biomass formulation (Yeast76_newBOF) in 

comparison with the original BOF, responsible for the decrease in model sensitivity (pFBA-based 

simulations). 

Among these, the genes associated with fatty acid metabolism (FOX2, POT1 and POX1) as 

well as MDH3 have already been classified as lethal genes in the LMOMA simulations with 

the original BOF. By removing ubiquinone, glutathione and THF from the cofactors 

pseudo-reaction we could solve many of these cases, opening the discussion on if either 

these compounds should be maintained in the biomass equation or if further curation of 

the associated biosynthetic pathways is required. 
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6.3.8 The call for a regulatory layer in GSMMs following the assessment of 

GPR associations based on model prediction inaccuracies  

For nearly 19% of the gene-associated reactions in the Yeast 7.6 model, the phenotype 

predictions regarding knockout mutants will not differ from the wild-type simulation due 

to redundancy in the genes (Figure 6.6). In order to evaluate the impact of inactivating 

the corresponding reaction, the inactivation of all the reactions associated with a certain 

gene was forced irrespectively of the existence of isoenzyme, when simulating a certain 

phenotypic trait. The objective of this task is to review the GPR associations using mutant 

phenotype predictions and literature evidences. 

The analysis focused on the mismatches observed between predicted and experimental 

data of absolute and conditionally essential genes. Using two different simulation 

approaches (pFBA and LMOMA), we found 8 cases described in Table 6.4 that were 

correctly predicted - moving from FG to TL predictions - when forcing the inactivation of 

all associated reactions in the model upon a gene knockout. In parallel, in the universe of 

the auxotrophic and absolute essential genes that were simulated, there are several cases 

(40 in pFBA simulations and 49 when using LMOMA) that become inconsistent – from TG 

to FL – when applying the same approach. If, on one hand, the former suggests the need 

for revision of the respective GPR associations, the latter support the correct gene 

annotation performed in the original publication.  

It is well known that the complex functions in eukaryotic cells are implemented through 

a highly organized regulatory network composed of concerted activities of many genes 

and gene products, which influence gene expression levels and consequently the 

phenotypic behavior of the mutant strain. Indeed, it was found that a large majority of 

the cases reported in Table 6.4 could only be resolved through the addition of a regulatory 

layer to the metabolic model, since they are related with regulatory constraints that 

cannot be captured by this type of stoichiometric models, as further described for some 

case studies. Moreover, there are also mismatches resulting from wrong annotations in 

the SGD database and not due to a wrong or incomplete GPR association, such as the 

auxotrophy reported for the LYS21 knockout, which means that, sometimes, the problem 

might be on the side (and lack of curation) of the experimental evidences reported in large 

databases and not in the model itself. 
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Table 6.4 Justification of essentiality mismatches based on SGD annotations related with the 

formulation of GPR associations in the Yeast 7.6 model. 

ORF Gene 
name 

GPR Phenotype Method Verdict  References 

YBR038W CHS2 (YBR023C 
or 
YBR038W) 
or 
YNL192W 

inviable pFBA & 
LMOMA 

Contradictory studies 
regarding the essentiality 
of this gene in S. cerevisiae 
/ Regulatory constraints 
(see text). 

[45,50–53] 

YBR121C GRS1 YBR121C 
or 
YPR081C 

inviable pFBA & 
LMOMA 

Regulatory constraints: 
GSR2 not expressed under 
normal growth conditions. 

[54–56] 

YDR023W SES1 YDR023W 
or 
YHR011W 

inviable pFBA & 
LMOMA 

DIA4 (YHR011W) classified 
as a “probable” 
mitochondrial seryl-tRNA 
synthase: clear evidences 
are still lacking for S. 
cerevisiae: remove it from 
GPR association. 

[57] 

YLR153C ACS2 YAL054C 
or YLR153C 

inviable pFBA & 
LMOMA 

Regulatory constraints 
(see detailed description 
in text).  

[58,59] 

YBL030C PET9 YBL030C or 
YBR085W 
or 
YMR056C 

inviable LMOMA Regulatory constraints: 
AAC1 and AAC3 are both 
expressed at a lower level 
compared to PET9, which 
is considered only 
conditionally essential in 
another study. 

[60–62] 

YDL131W LYS21 YDL131W 
or 
YDL182W 

Auxo-
trophy 

pFBA & 
LMOMA 

Wrong SGD annotation. 
Only a double lys20Δ 
lys21Δ mutant displayed 
full lysine auxotrophy.  

[63] 

YGL125W MET13 YGL125W 
or YPL023C 

Auxo-
trophy 

pFBA & 
LMOMA 

Regulatory constraints: 
YPL023C is either not 
functional or expressed at 
low levels. 

[64] 

YML106W URA5 YML106W 
or 
YMR271C 

Auxo-
trophy 

pFBA & 
LMOMA 

Regulatory constraints: 
different expression levels. 

[65] 

 

Chitin is a minor but essential component of the cell wall of Saccharomyces cerevisiae, 

which contains three chitin synthase genes CHS1 (YNL192W), CHS2 (YBR038W) and CHS3 

(YBR023C) that are expressed during the cell cycle in a regulated fashion and perform 

different roles in cell division [50]. While CHS1 replenishes chitin in the birth/bud scar 

after cytokinesis, hence preventing lysis of the daughter cells, CHS2 is involved in the 

synthesis of the primary septum [51,52]. In turn, CHS3 acts on the formation of the chitin 
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ring in the lateral cell wall and it is thus responsible for most of the chitin produced in the 

cell [52]. CHS2 deletion was reported as lethal in a high-throughput essentiality study [45], 

but there are other studies reporting the ability of yeast to grow after the disruption of 

this gene, despite some morphologic changes of the mutant cells [53]. Indeed, the activity 

of CHS genes in S. cerevisiae is highly regulated. For example, CHS2 expression levels are 

controlled by the transcription factor Rlm1, which is targeted by the signaling cascades of 

the cell wall integrity and the high osmolarity glycerol response pathways (HOG-P), while 

CHS3 may involve phosphorylation by Pkc1 to facilitate the exit from the trans-Golgi 

reservoirs [50]. The observed mismatch could be eventually fixed by replacing the chitin 

synthase reaction present in the model by a hypothetical chitin synthase derived from 

three other reactions, each one encoded by the above-mentioned genes. However, it is 

still not clear that CHS2 knockout is indeed lethal, and the main issue seems to be related 

with the tight regulation of the genes composing this biosynthetic pathway, that could 

only be solved in a regulatory model. 

The acetyl-CoA synthetase (EC 6.2.1.1) catalyzes the ligation of acetate and CoA. Both 

ACS1 (YAL054C) and ACS2 (YLR153C) encode isoforms of this enzyme, which has an 

essential role in S. cerevisiae since acs1-acs2 mutants are not viable in the majority of 

environmental conditions [58,59]. Although both genes are expressed simultaneously in 

aerobic chemostat cultures, only ACS2 is exclusively expressed under anaerobic 

conditions [58]. Regarding the carbon source, ACS2 is essential under high-glucose 

conditions, in which ACS1 transcription is repressed, whereas under non-fermentable 

carbon sources (such as ethanol or acetate), ACS1 is transcriptionally expressed. In 

addition, ACS1 is influenced by ACS2 gene when this is active, but the opposite does not 

occur [58]. To assess the causes of the incorrect prediction regarding the single knockout 

of ACS2, which should be predicted as lethal in the simulated conditions, both genes were 

analyzed from the perspective of metabolism and transcriptional regulation, since it was 

already shown that most of transcriptional regulators encoded in the eukaryote S. 

cerevisiae associate with genes across the whole genome [66]. A transcriptional 

regulatory network analysis was performed - based on documented data in the Yeastract 

and the SGD databases - to find the transcription factors (TFs) with regulatory associations 

to ACS1. Indeed, 50 TFs with direct or indirect evidences were found in the databases as 
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being part of the transcriptional regulation process associated with ACS1. Among these, 

10 TFs shown in Table 6.5 are known to be activated in particular environmental 

conditions; thus, their integration in the metabolic model would allow to regulate the 

activation/deactivation of the corresponding metabolic genes in particular conditions, 

which can have a great impact in the model predictive accuracy from a context-specific 

point of view.  

Table 6.5 List of transcription factors associated with ACS1 transcription regulatory mechanisms 

annotated with activation condition. 

Type of association Transcription Factors (TFs) 

Negative Aft1p and Arr1p 

Positive Abf1p, Adr1p, Cat8p, Mig3p, Rox1p, Usv1p, Yap1p and 

Zap1p 

 
For example, literature studies indicate that Adr1p and Cat8p are bound to ACS1, being 

only activated in the absence of glucose [67–69]. In turn, there are evidences that Aft1p 

represses the expression of ACS1 [70] and that Usv1p is active during non-fermentative 

growth and in response to salt stress [71]. Therefore, the reconstruction of a 

transcriptional regulatory network containing this type of information in the GPR 

associations would allow to correctly predict the lethality of ACS2 knockout in the 

simulated conditions, which is not possible using a metabolic model without this 

regulatory information. This constitutes an interesting case study which demonstrates the 

importance of the integration of regulatory information in the existing GSMMs to improve 

their predictive accuracy. A similar approach could be applied to solve the mismatches 

observed for the GRS1, MET13, PET9 and URA5 mutant predictions. Also, the 

inconsistencies observed between computational predictions and experimental datasets 

constitute an interesting starting point to explore the regulatory layer to better 

approximate in silico predictions with in vivo outcomes. 
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6.3.9 Improved internal flux distribution of central pathways rescues 

LMOMA-based mutant phenotype inconsistent predictions  

A recent study from our group verified that most of the S. cerevisiae models predict 

erroneous fluxes in central pathways, especially in the pentose phosphate pathway, 

linking the problematic fluxes to areas of the metabolism consuming or producing 

NADPH/NADH [30]. However, the authors did not test the model that has been studied in 

more detail throughout this work, i.e., the latest version of the yeast consensus model 

Yeast7.6. Following the same rationale applied by the authors, all the reactions including 

the referred cofactors were manually curated to force the use of NADH/NAD+ in catabolic 

reactions and NADPH/NADP+ for anabolic reactions. Indeed, the changes applied had the 

most impact on central metabolic fluxes, particularly in the oxidative PPP and TCA cycle, 

as it was also observed for other models in the mentioned study (Figure 6.15).  

 

 

Figure 6.15 Distribution of fluxes in the central metabolism predicted by pFBA for the Yeast 7.6 

before (red) and after (green) the changes applied regarding cofactor usage. The flux values shown 

are normalized to a glucose uptake rate of 100 arbitrary units. Reactions: ACONT- aconitase, ACS- 

acetyl-CoA synthetase, ADH- alcohol dehydrogenase, AKGD- alpha-ketoglutarate dehydrogenase, 
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ALD- aldehyde dehydrogenase, CSm- citrate synthase, FBA- fructose 1,6-bisphosphate aldolase, 

FUM- fumarase, G3PD1ir- glycerol-3-phosphate dehydrogenase, G3PT- glycerol-1-phosphatase, 

GAPD- glycer- aldehyde-3-phosphate dehydrogenase, GHMT2r- serine hydroxymethyltransferase, 

GND- 6-phosphogluconate dehydrogenase, HEX- hexokinase, ICD- mitochondrial iso- citrate 

dehydrogenase, MDH- mitochondrial malate dehydrogenase, ME- mitochondrial malic enzyme, 

PDC- pyruvate decarboxylase, PDH- pyruvate dehydrogenase, PFK- phosphofructokinase, PGI- 

phosphoglucose isomerase, PGK- 3-phosphoglycerate kinase, PGMT- phosphoglucomutase, PP3- 

sum of the non-oxidative reactions of the pentose phosphate pathway producing glyceraldehyde-

3-phosphate, PP6- sum of the non-oxidative reactions of the pentose phosphate pathway 

producing fructose-6- phosphate, PSP- phosphoserine phosphatase, PYC- pyruvate carboxylase, 

PYK- pyruvate kinase, SUCD- succinate dehydrogenase, SUCOAS- succinyl-CoA ligase, THRS- 

threonine synthase, TPI- triose phosphate isomerase. Metabolites: 13dPG- 1,3-

diphosphoglycerate, 3PG- 3-phosphoglycerate, AcCoA- acetyl-CoA, Akg- 2-oxoglutarate, Cit- 

citrate, DHAP- dihydroxyacetone-phosphate, Fum- fumarate, G3P- glyceraldehyde-3-phosphate, 

Icit- isocitrate, Mal - L-malate, Oaa- oxaloacetate, Ser- L-serine, Succ- succinate, SucCoa- succinyl-

CoA. 

 

No significant differences to the original model have been observed in terms of model 

predictive accuracy in pFBA-based simulations. In contrast, the model sensitivity slightly 

increased after the corrections applied to improve the internal flux distribution, when 

simulations were performed with LMOMA. While pFBA assumes that cells strive to 

maximize their growth, the latter assumes that the mutant will try to minimize the 

magnitude of its adaptation in comparison to the wild-type [12]. So, these simulation 

algorithms require a reference distribution of fluxes to be used as an indication of the 

metabolic status in the wild-type organism. A few studies have indicated that when the 

algorithm requires a reference flux distribution, the results are sensitive to this set of 

fluxes [12,72]. This was also observed in this study where 10 cases related with ATP 

synthase (oxidative phosphorylation pathway), that were initially predicted as false lethals 

turned into correct predictions after the applied modifications. Therefore, the metabolic 

modeling community could benefit from additional validations steps regarding the 

accuracy of the internal flux distribution of the model based on experimental evidences, 

which can have a significant impact on computational strain design [30].  

 

6.3.10 GSMMs as guiding tools for knowledge discovery 

The results previously reported in this work regarding the ability of GSMMs of S. cerevisiae 

to predict conditionally essential genes are based on a phenotypic dataset retrieved from 

SGD, which was additionally analyzed to allow closely mimicking the experimental 
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conditions that have resulted in the observed phenotype during the simulation 

procedure, as described in Chapter 5. A different strategy was followed in this section to 

unveil possible candidate genes whose knockout can induce auxotrophy of the mutated 

organism for a specific compound. First, several compounds - including all the amino acids 

and a selection of vitamins, fatty acids, nucleobases and polyamines - were individually 

added to a defined minimal medium (only including essential inorganic ions, oxygen and 

a carbon source) and the one(s) rescuing growth were classified as required upon a certain 

gene knockout. Second, a reverse approach was also applied, i.e., the above-mentioned 

compounds were individually removed from a complete medium mimicking YPD and, 

similarly, those causing growth impairment after a single gene deletion were classified as 

required under the simulated conditions, hence indicating the presence of an auxotroph-

inducing mutation. The merge of the results of both approaches for different yeast 

GSMMs, along with extensive literature search, has resulted in the prediction of 10 

mutations that may cause auxotrophy for a specific compound which, to the best our 

knowledge, are not yet reported in the literature (Figure 6.16).  

None of the candidate auxotroph-inducing genes reported here was experimentally 

tested and, therefore, further validation is needed. However, despite the awareness that 

the reported cases may arise from structural or functional issues of the metabolic 

networks in which the respective auxotrophy was predicted and not due to actual growth 

requirements upon a certain gene KO, it is of added-value that this type of model-driven 

approaches might indeed lead to knowledge discovery and help gaining new insights into 

the related metabolic pathways. It should be emphasized that this level of integration 

between flux balance model predictions and high-throughput biological data can improve 

understanding of both computational and laboratory results, as it was already 

demonstrated [23].  
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Figure 6.16 Model-driven approach to detect auxotroph-inducing candidate mutations. A) Venn 

diagram of the distribution of genes identified as conditionally essential for growth by genome-

scale metabolic model. B) Classification of the predicted auxotroph-inducing genes by the 

existence of evidences in the literature that the simulated mutation causes (True) or not (False) 

auxotrophy. The cases for which no evidences of correct or incorrect predictions were found are 

classified as “candidate” genes and are highlighted in the depicted table. GSMM refers to the 

genome-scale metabolic model where the respective auxotrophy was predicted. 

6.4 Concluding remarks 

In conclusion, it was observed here that the latest version of the consensus yeast 

metabolic network (Yeast 7.6) showed the best prediction of essential and auxotroph-

inducing genes, although the fraction of lethal/conditionally lethal genes that were 

correctly predicted is still fairly low when compared to other organisms. Here, we went a 

step further by comprehensively characterizing all the observed mismatches between 

experimental evidences and computed predictions. It was observed that several 

limitations exist a priori regarding the use genome-scale metabolic models to predict 

complex genotype-phenotype associations, since for nearly 1/5 of the gene-associated 

reactions present in the model no differences will be observed between the wild-type and 

the mutant phenotype simulation due to GPR constraints, i.e., although experimental data 

proves that gene deletion has an impact in the phenotype, model structure tells us 

otherwise, independently of the medium or even simulation methods used.  
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Detailed analysis of these cases stressed the importance of integrating regulatory 

information in GSMMs by, for example, reformulating the GPR associations through the 

inclusion of transcription factors known to activate or repress particular genes under 

given conditions, as demonstrated for acetyl-CoA synthetase. However, it was also shown 

that information contained in databases might be incorrect, stressing the need of curated 

and reliable datasets when simulating mutant phenotypes. Moreover, a significant 

percentage of the gene-associated reactions cannot carry flux even if we allow the uptake 

of all the compounds for which an exchange drain in the model exists. Also, only a reduced 

fraction of reactions is actually active in the wild-type simulation, hence suggesting that a 

single perturbation in reactions that are not active in the reference flux distribution will 

hardly cause a significant impact in the mutant phenotype simulation.  

This analysis led to the formulation of several hypotheses aiming to broaden the 

network’s activity and functionality and, consequently, improve the model predictive 

accuracy. Inaccurate description of medium and biomass composition has been referred 

as a source of false prediction of gene essentiality in yeast metabolic models [36,73]. It 

was recently proposed that all essential and irreplaceable molecules for metabolism 

should be included in the biomass functions of GSMMs with a special focus on cofactors 

[38]. However, despite significant advances in analytical techniques and as recently 

stressed by other authors, the representation of S. cerevisiae biomass in its metabolic 

model almost did not change in over a decade [36], as it is proven, for example, by the 

lack of a detailed composition of coenzymes and vitamins in all existing models of S. 

cerevisiae. Accordingly, the biomass equation of the most recent model was fully revised 

and several essential organic cofactors were included in its composition, after being 

observed that many of the resulting inconsistencies were indeed related with metabolism 

of cofactors and vitamins. The use of the revised biomass equation as our objective 

function has resulted in a wider coverage of network functionality and required network 

activity. Transcriptomics data suggests that most of the genes encoding enzymes which 

catalyze the newly activated reactions are actually being expressed in similar conditions 

to those of the simulations, hence supporting the changes applied to the biomass 

formulation. This has resulted in a considerable improvement of the model specificity 

(over 18% for absolute essential genes and 25% for conditionally essential genes), 
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although some trade-offs regarding model sensitivity have been also observed, mainly 

due to the activation of new reactions, hence suggesting that previous TG predictions 

might only occur by chance, due to “fortunate” structural and functionality issues of the 

metabolic network. Moreover, the update on the biomass composition allowed the 

identification of missing pathways in metabolic network with a positive impact in 

essentiality predictions. It was demonstrated here that variations in yeast’s biomass 

composition resulted in different flux distributions, meaning that the model predictive 

accuracy can be compromised if the biomass objective function is not accurately 

represented; ideally, it should be even represented in a context-dependent manner as it 

was already shown that there are relatively large variations in the biomass composition 

of the wild-type and mutant strains.  Also, the impact of other cofactors and prosthetic 

groups which may also be considered essential to carry enzymatic functions could be 

studied. 

Following a recent study which stressed the importance of carefully validating the internal 

flux distribution of the wild-type organism for phenotype predictions [30], it was also 

observed that when the algorithm requires a reference flux distribution (such as LMOMA) 

the results are indeed sensitive to this set of fluxes, which in turn has resulted in a slight 

increase of model sensitivity. 

Overall, this work emphasizes that more precise studies on the yeast biomass composition 

are needed to improve the predictive power of the yeast metabolic model and, 

consequently, more efficient cell factories resulting from model-driven approaches. 

Additionally, it stresses that more important than highlighting improvements in the model 

predictive capabilities should be underlining the limitations found when publishing or 

analyzing GSMMs, since that also constitutes an important step towards better models, 

as well as to guide new biological discovery studies.  
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6.6 Supplementary Information 

Below it is provided detailed information on the revision process of the biomass 

composition of S. cerevisiae carried out in this thesis, including all coefficients of 

compounds integrating each one of the reactions resembling the macromolecular 

composition of the cell. New compounds added to the original biomass composition of 

the Yeast 7.6. model [1] are marked as “new”. 

 

List of tables presented below regarding biomass composition of Saccharomyces 
cerevisiae: 

S6.1 Macromolecular composition of the cell 

S6.2 Proteins composition 

S6.3 Carbohydrates composition 

S6.4 Carbohydrates final composition 

S6.5 RNA composition 

S6.6 DNA composition 

S6.7 Lipids composition 

S6.7.1 Fatty acids composition 

S6.7.2 Sterols composition 

S6.7.3 Steryl esters composition 

S6.7.4 Phospholipids composition 

S6.7.5 Sphingolipids composition 

S6.8 Cofactors composition 

S6.9 Inorganic ions 

S6.10 Energy requirements 
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S6.1 MACROMOLECULAR COMPOSITION  

Component g/g DCW a 

Proteins 0.407 

Carbohydrates 0.387 

Lipid 0.061 

RNA 0.066 

DNA 0.003 

Sulphate 0.002 

Phosphate 0.008 

H2O 0.041 

Metals 0.025 

Cofactors b - 

Total 1.000 

a The macromolecular composition is taken from [2] (reconciled values) -> D=0.107 h-1 

b A number of cofactors were also included based on E. Coli (iAF1260 core biomass equation) [3]. 

 

 

S6.2 PROTEINS         

Amino acid residue mol/mol prot c MW (g/mol) d g /mol prot mmol/g Prot 

Ala 0.0977 71.078 6.94 0.8984 

Arg 0.0386 156.186 6.03 0.3549 

Asn* 0.0223 114.103 2.54 0.2048 

Asp* 0.0705 114.080 8.04 0.6485 

Cys 0.0014 103.144 0.14 0.0129 

Gln* 0.0372 128.129 4.76 0.3416 

Glu* 0.1176 128.106 15.07 1.0818 

Gly 0.0889 57.051 5.07 0.8174 

His 0.0193 137.139 2.65 0.1775 

Ile 0.0589 113.158 6.66 0.5416 

Leu 0.0801 113.158 9.06 0.7365 

Lys 0.0657 128.172 8.42 0.6041 

Met 0.0114 131.197 1.50 0.1048 

Orn (new) 0.0024 114.146 0.27 0.0221 

Phe 0.0376 147.174 5.53 0.3457 

Pro 0.0422 97.115 4.10 0.3880 

Ser 0.0533 87.077 4.64 0.4901 

Thr 0.0557 101.104 5.63 0.5122 

Trp 0.0065 186.210 1.21 0.0598 

Tyr 0.0196 163.173 3.20 0.1802 

Val 0.0733 99.131 7.26 0.6740 

 1.0002 Protein MW 108.73 9.1969 
 

c Protein composition is taken from [2] 
d Molecular weight (MW) corresponds to the amino acid residue, and H2O MW is subtracted from the amino 
acid MW. 
e Values of (Asn+Asp) and (Gln+Glu) from [2] multiplied by the relative percentage of each amino acid 
according to [4]. 
Note: charged and uncharged tRNA molecules were included in place of the corresponding amino acids in 
the biomass equation. 
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S6.3 CARBOHYDRATES (CH)   

  g/g DCW f g/g DCW g 

Glycogen 0.084 0.084 

Trehalose 0.008 0.008 

Mannan 0.131 0.131 

glucan 0.184 0.217 

chitin h 0.015 0.015 

Others 0.033 - 

  0.4553 0.4553 

f Composition taken from [5]. 
g "Others" fraction was calculated to achieve the reported CH macromolecular composition and then it was 
assumed to be a glucan due to the absence of more detailed information, being included in β-D-glucan fraction. 
h trace amount of chitin was attributed based the value present in iMT1260 model (P.pastoris model) [6]. 
 
  

 

 S6.4 CARBOHYDRATES FINAL COMPOSITION 
 

  g/g DCW g/g CH (normalized) 
Formula 

(monomer) i MW (monomer) mmol/g CH 

Glycogen  0.084 0.184 C6H10O5 162.1406 1.138 

Trehalose 0.008 0.018 C12H22O11 342.29648 0.051 

Chitin 0.015 0.033 C8H13NO5 203.19256 0.162 

Mannan  0.131 0.288 C6H10O5 162.1406 1.774 

1,3-β-D-glucan  0.109 0.239 C6H10O5 162.1406 1.472 

1,6-β-D-glucan  0.109 0.239 C6H10O5 162.1406 1.472 

 0.455 1.000   6.069 
 

i MW of these carbohydrates was assumed to be the monomer one according to the mass balance analysis  
of the model. 
  

S6.5 RNA 

      

  MW j mol/mol k mol/mol RNA (normalized) g/mol RNA mmol/g RNA 

AMP 328.198 0.051 0.2329 76.4297 0.7227 

CMP 304.173 0.051 0.2329 70.8349 0.7227 

GMP 344.198 0.067 0.3059 105.3025 0.9494 

UMP 305.158 0.050 0.2283 69.6708 0.7085 

  0.219  322.2379  
 
 

j MW corresponds to the nucleotide monophosphate residue, and H2O is subtracted from the  
monophosphate [6] 
k RNA composition taken from [4]. 
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S6.6 DNA  

     

  MW l mol/mol m g/mol DNA mmol/g DNA 

dAMP 312.199 0.313 97.7182 1.0147 

dCMP 288.174 0.187 53.8885 0.6062 

dGMP 328.198 0.211 69.2498 0.6840 

dTMP 303.185 0.289 87.6206 0.9369 

   308.4771 3.2417 
 

l MW corresponds to the deoxynucleotide monophosphate residue, and H2O is subtracted from 
the deoxynucleotide monophosphate (based on iMT1260) [6]. 

m Fractions of each nucleotide taken from [7]. 
   

 

S6.7 LIPIDS (LIP)           

       

  g/g LIP n g/g DCW  MW mmol/g LIP 
mmol/g 
DCW 

Triglycerides o 0.21 0.012 850.65 0.2469 0.014 

Fatty acids 0.19 0.011 255.17 0.7446 0.042 

Sterol 0.100 0.006 402.50 0.2484 0.014 

SE (ergosterol ester) 0.120 0.007 515.91 0.2326 0.013 

Phospholipids 0.4 0.023 786.29 0.5087 0.029 

Complex sphingolipid p 0.050 0.003 1143.10 0.0437 0.002 

 1.070 0.061  2.0250  
 

n Lipid composition from "Lipids of Yeasts" [8]. The indicated values are an approximation of the values 
indicated in Fig.2 and Fig.7 of [8] (aerobic conditions). Values are also in accordance with [2] - 60% fat; 40% 
phospholipids. 
o Average MW calculated accordingly.  
p according to Yeast 7.6 model.  

 
 
 
 

S6.7.1. Fatty acids (FA)               

  FA 
content 
(w/w FA) q 

g/g FA 

(normalized) MW 
mmol/g 
FA 

mmol/m
mol FA 

g/mol 
FA 

Myristate (tetradecanoate) C14:0 0.0880 0.10 227.36 0.431 0.1099 24.98 

Palmitate (hexadecanoate) C16:0 0.2680 0.30 255.42 1.167 0.2978 76.07 

Palmitoleate (hexadecenoate) C16:1 0.1660 0.18 253.4 0.729 0.1859 47.12 

Stearate (octadecanoate) C18:0 0.0610 0.07 283.47 0.239 0.0611 17.31 

Oleate  (octadecenoate) C18:1 0.2570 0.29 281.45 1.016 0.2592 72.95 

Decanoate (new) C10:0 0.0110 0.01 172.26 0.071 0.0181 3.12 

Laurate (new) C12:0 0.0480 0.05 200.32 0.267 0.0680 13.62 

Others C18:2 0.1010 - - - - - 

TOTAL   1 1   3.92 1.000 255.17 

Average MW 
q Fatty acid (FA) fractions are taken from [5]. 
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S6.7.2 Sterols               

  
μg/mg 

protein r 
g/g 

sterol 
g/g sterol 

(normalized) MW 
mmol/g 
sterol 

mol/mol 
sterol g/mol 

Zymosterol 56.2 0.0562 0.0361 384.638 0.094 0.0378 14.533 

Ergosterol 929.09 0.92909 0.5969 396.648 1.505 0.6057 240.257 

Fecosterol 10.14 0.01014 0.0065 398.664 0.016 0.0066 2.622 

Episterol 70.19 0.07019 0.0451 398.664 0.113 0.0455 18.151 

Lanosterol 341.4 0.3414 0.2193 426.717 0.514 0.2069 88.284 
14-
demethyllanosterol s 15.41 0.01541 0.0099 412.691 0.024 0.0097 3.985 
ergosta-
5,7,22,24(28)-
tetraen-3beta-ol 134.06 0.13406 0.0861 394.633 0.218 0.0878 34.667 

TOTAL 1556.49 1.556 1.000  2.484 1.0000 402.498 

        
r Sterol fractions taken from [9] - amounts and fractions of each sterol were calculated from sterol μg/mg of 

protein grown on glucose. 
s assumed to be only 1% of the total sterol fraction (based on the Y7.6 coefficient).   

 
 

S6.7.3 Steryl Ester       

  mmol/mmol SE t MW g/mol 

Zymosteryl ester 0.0378 643.570 24.316 

Ergosteryl ester 0.6057 655.580 397.096 

Fecosteryl ester 0.0066 657.596 4.325 

Episteryl ester 0.0455 657.596 29.940 

Lanosteryl ester 0.0878 685.649 60.232 

 1 avge SE MW 515.909 
 

t  SE fractions were assumed equivalent to sterol fractions, from [6]. 
 
 
 

S6.7.4 Phospholipids (PL) 

    
content 
(%w/w PL) u 

g/g PL 

(normalized) total MW 
mmol/g 

PL 
mol/ 
mol PL g/mol 

Phosphatidate (new)   2.5 0.0271 672.57 0.040 0.0316 21.28 

Phosphatidylinositol (new) 28.7 0.3107 850.71 0.365 0.2871 244.28 

Phosphatidylserine 8 0.0866 760.66 0.114 0.0895 68.09 

Phosphatidylcholine 29.2 0.3161 758.73 0.417 0.3276 248.54 

Phosphatidylethanolamine 20.5 0.2219 716.65 0.310 0.2435 174.49 

Cardiolipin (new)  3.48 0.0377 1433.92 0.026 0.0207 29.62 

TOTAL   92.38 1   1.2718 1.0000 786.29 

 
u  Phospholipid composition is taken from [10]. 

 
  



Improving genotype-phenotype associations in yeast metabolic networks 

PhD Thesis | Hélder Lopes 191 

S6.7.5 Sphingolipid (SPHL)             

  mmol/gDCW v MW g/gDCW 
mmol/g 

LIP g/g LIP 

mol/
mol 

SPHL 
mmol/g 

SPHL 

inositol-P-ceramide 0.000139 954.30 0.00013 0.00228 0.002175 0.333 0.2916 
mannosylinositol 
phosphorylceramide 0.000139 1116.44 0.00015 0.00228 0.002544 0.333 0.2916 
inositol 
phosphomannosylinosi
tol phosphoceramide  0.000139 1358.56 0.00018 0.00228 0.003096 0.333 0.2916 

 

Average MW 
SPHL 1143.10  0.00684 0.007814 1.000 0.8748 

v Values taken from [6]. 
 
 

S6.8 COFACTORS     
   

  mmol/gDCW w  

NAD (new) 0.001831  

NADP (new) 0.000447  

CoA (new) 0.000576  

THF (new) 0.000223  

FMN (new) 0.000223  

FAD (new) 0.000223  

Thiamine (new) 0.000223  

Ubiquinone (new) 0.000223  

Glutathione (new) 0.000223  

Riboflavin 0.000223  

Thiamine diphosphate (new) 0.000223  

Heme a 0.000223  

SAM (new) 0.000223  

P5P (new) 0.000223  

 0.0053  
 

w The amounts to biomass composition are based in [3]. 
 
 

S6.9 INORGANIC IONS 

    

  MW g/g DCW mmol/gDCW 

Sulfate 96.063 0.0019 0.020 

      
    

S6.10 ENERGY   
  

  Coefficient x 

ATP 59.276 

H20 59.276 
 

x values of Yeast 7.6 original model maintained. 

  



Chapter 6 

   PhD Thesis | Hélder Lopes  192 

 

6.6.1 References 
 
1  Aung, H. W., Henry, S. A. and Walker, L. P. (2013) Revising the representation of 

fatty acid, glycerolipid, and glycerophospholipid metabolism in the consensus 
model of yeast metabolism. Ind. Biotechnol. 9, 215–228. 

2  Lange, H. C. and Heijnen, J. J. (2001) Statistical reconciliation of the elemental and 
molecular biomass composition of Saccharomyces cerevisiae. Biotechnol. Bioeng. 
75, 334–344. 

3  Feist, A. M., Henry, C. S., Reed, J. L., Krummenacker, M., Joyce, A. R., Karp, P. D., 
Broadbelt, L. J., Hatzimanikatis, V. and Palsson, B. Ø. (2007) A genome-scale 
metabolic reconstruction for Escherichia coli K-12 MG1655 that accounts for 1260 
ORFs and thermodynamic information. Mol. Syst. Biol. 3, 1–18. 

4  Oura, E. (1972) The effect of aeration on the growth energetics and biochemical 
composition of baker’s yeast. Helsinki Helsinki Univ. 

5  Shulze, U. (1995) Anaerobic physiology of Saccharomyces cerevisiae. Dep. 
Biotechnol. Tech. Univ. Denmark. 

6  Tomàs-Gamisans, M., Ferrer, P. and Albiol, J. (2016) Integration and validation of 
the genome-scale metabolic models of Pichia pastoris: A comprehensive update of 
protein glycosylation pathways, lipid and energy metabolism. PLoS One 11, 1–24. 

7  Vaughan-Martini, A. and Martini, A. (1993) A taxonomic key for the genus 
Saccharomyces. Syst. Appl. Microbiol. 16, 113–119. 

8  Rattray, J. B., Schibeci, A. and Kidby, D. K. (1975) Lipids of yeasts. Bacteriol Rev 39, 
197–231. 

9  Zinser, E., Paltauf, F. and Daum, G. (1993) Sterol composition of yeast organelle 
membranes and subcellular distribution of enzymes involved in sterol metabolism. 
J. Bacteriol. 175, 2853–2858. 

10  Henry, S. A. (1982) Membrane lipids of yeast: biochemical and genetic studies. In 
The molecular biology of the yeast Saccharomyces: Metabolism and gene 
expression. 

 

 

 
 
 
 



 

 

 

CHAPTER 7  
General Conclusions and Outlook 

 

 
 
 
 
This final chapter includes the overall conclusions achieved by the research conducted in 

this thesis, as well as some perspectives on future research to address several new 

questions raised throughout this work.  
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7.1 General conclusions  

This thesis had the major goal of improving rational strain design methodologies and 

accelerate the development of optimized yeast cell factories, using Saccharomyces 

cerevisiae as the case study organism. Overall, the main goals were achieved and the main 

conclusions obtained throughout the developed work are as follows: 

• A review of the literature has shown that genome-scale modeling of yeast has been 

evolving for the last 15 years, contributing both to the rational strain design of yeast 

cell factories and to gain insights into biological processes. However, despite 29 

curated genome-scale metabolic models (GSMMs) have been published for several 

yeast species over this time, very few models were actually used in successful model-

guided metabolic engineering applications. The lack of regulatory information, high-

quality phenotypic data, and benchmark tests to assess the performance of newer 

models in context-specific environments, besides the need of clear model evaluation 

approaches, were underlined as key factors hindering the success of these model-

driven applications. 

• The development of cell factory platforms pre-optimized for the synthesis of different 

compounds aimed to reduce the significant time and cost still associated to the 

development of each single product was one of the main drivers for this thesis. Taking 

the production of C4-dicarboxylic acids as example, a conceptual framework based on 

a modular design principle was developed and applied to generate hundreds of 

possible strain designs with a common backbone of genetic targets (chassis cell) 

towards the overproduction of these industrially relevant compounds. A metaheuristic 

approach was applied in the optimization procedure to search for strain designs based 

on the growth-coupled production of the targeted products. 

• It was demonstrated that GSMMs, when combined with constraint-based optimization 

algorithms, can indeed provide valuable insights into non-obvious strain design 

strategies, such as the simultaneous interruption of the oxidative branch of the 

pentose phosphate pathway (PPP) and the serine/glycine production from glycolysis 

(which are essential compounds for biomass formation), to force the cell using the 
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tricarboxylic acid (TCA) cycle for energy production and, consequently, redirect the flux 

to where the target products, namely succinic, fumaric and malic, are located. The 

excretion of these products is then promoted by the disruption of genes that prevent 

the reassimilation of each of them in the TCA cycle. To the best of our knowledge, this 

metabolic engineering strategy has not been tested before. 

• Many strain optimization computational tools and in silico strain designs have been 

developed and generated but only a few have been tested and validated in the 

laboratory. Here, the most promising solutions coming from the chassis strain design 

framework were implemented in vivo and the engineered strains were physiologically 

characterized in batch fermentations. Notwithstanding the yields obtained being 

significantly lower than the simulations predicted and still far from industry demands, 

to our knowledge, it was established, for the first time, a proof of concept of the chassis 

cell for overproducing succinic, fumaric and malic acid in S. cerevisiae, since all the 

engineered strains containing the chassis produced not only more than the wild-type 

strain but also than the strains encompassing only the respective obvious gene 

deletions to disrupt the TCA cycle to allow the excretion of the targeted products. 

• Moreover, it was shown that adaptive laboratory evolution in combination with 

genome-scale modeling approaches can be a fruitful strategy for biotechnological 

applications, as it was possible to increase productivity of the succinate and fumarate 

producing strains through natural selection, as well as to adapt the strains to a growth 

environment without the need of glycine supplementation which was required before 

the evolution process. Therefore, strains more tolerant to high substrate and acidic 

environments and, consequently, more amenable for industrial use were generated. 

• Overall, despite the promising results, in vivo production phenotypes of the engineered 

strains point to the need of new rounds of strain optimization to improve dicarboxylic 

acids production. Particularly, it was observed that carbon flux is being mainly 

redirected to acetate biosynthesis, as large amounts of acetate were excreted in the 

strains encompassing all the suggested genetic targets. This phenotype was even more 

evident in the evolved strains, suggesting that the improvement in biomass formation 

during the course of evolution occurred mainly due to the change from ethanol to 

acetate secretion, driven by the required energy demands of the cell. These results 

suggest that blockage of the oxidative part of the pentose phosphate pathway, due to 
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ZWF1 gene deletion, alters the redox state of NADPH pools, consequently, which is 

likely compensated by the cell through overexpression ALD6 that encodes NAPDH 

specific acetaldehyde dehydrogenase activity. This, consequently, leads to high acetate 

accumulation.  

• The experimental results obtained in this thesis, along with the criticisms addressed in 

Chapter 2, led to the development a novel computational tool entitled phenomenaly 

(PHENOtypic and Metabolic Network Analysis at Large-scale of Yeast data). This tool 

enables the simulation and analysis of published genotype-phenotype associations, 

additionally curated by the authors to better mimic experimental evidences in the 

simulation procedure, using yeast GSMMs. Phenomenaly can be used as a validation 

platform of new metabolic reconstructions or to improve the existing ones, as well as 

to enrich our knowledge on yeast physiology, with the ultimate goal of helping the 

community to reduce the discrepancies between computed predictions and in vivo 

data still observed in many model-guided metabolic engineering projects. 

• Taking advantage of the phenomenaly potentialities, it was shown that the latest 

version of the consensus yeast metabolic network, Yeast 7.6, performed better than 

three older S. cerevisiae reconstructions (iFF708, iMM904 and Yeast 6) regarding the 

ability to predict essential and auxotroph-inducing genes. Nevertheless, the fraction of 

correctly predicted lethal or conditionally essential genes did not exceed 50% even for 

the best performing model, which is still fairly low when compared to GSMMs of E. coli, 

for example, emphasizing the need for model improvements.  

• Following a systematic characterization of the network’s activity and functionality, it 

was verified that, for nearly 20% of the genes present in the Yeast 7.6. model, although 

experimental data prove that gene deletion has an impact in the phenotype, model 

structure tells us otherwise, independently of the medium or even simulation methods 

used. 

•  It was also concluded that many of the observed mismatches are related with the 

metabolism of cofactors and vitamins. A complete revision of the biomass objective 

function, which included also the addition of this type of compounds to its in silico 

formulation, had a significant impact in terms of the network’s activity: 157 reactions 

became active in the wild-type strain, which was supported by transcriptomics 
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evidences. Model sensitivity performance was also enhanced, with nearly 20% and 

25% improvement of the correctly predicted essential and auxotroph-inducing genes, 

respectively. Moreover, the biomass reformulation led to the discovery of missing 

reactions and genes in the metabolic network, particularly within the Vitamins B1 and 

B6 biosynthetic pathways. 

• Following the assessment of the Gene-Protein-Reactions (GPR) associations of the 

model based on prediction inaccuracies, it was reinforced the need of adding a 

regulatory layer to stoichiometric metabolic models, since many discrepancies could 

only be solved with the integration of context-specific regulatory constraints that 

cannot be captured by this type of models. 

7.2 Perspectives for future work 

Any research project raises new questions and challenges. Although this thesis provides 

interesting and promising insights into the field of model-driven metabolic engineering of 

yeast, additional research is recommended either to improve and expand the obtained 

results, or to address unanswered questions: 

• The conceptual framework developed to design chassis strains only included gene 

deletion targets in the optimization procedure. Further developments and 

improvements of this strain design platform could also include other genetic 

perturbations, such as up and down regulation of genes, besides the introduction of 

heterologous pathways or specific-compound transporters. 

• We envision that this platform can potentially help to design and construct microbial 

cell factories in a modular fashion for broad biotechnological applications, as suggested 

before [1]. Therefore, it could be of interest to test, for example, chassis strains 

designed to increase the acetyl-CoA pool, from which several industrially relevant 

compounds are derived  

• The experimental results would benefit from “omics” approaches - including genomics, 

transcriptomics and proteomics (ongoing work) - to better characterize the engineered 

strains before and after the directed evolution process, and potentially identify second-

round metabolic targets towards improved titer, yield and productivity values. 
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• It could be interesting to develop cofactor engineering studies to address the 

limitations presumably related with the observed NADPH imbalance of the strains 

encompassing the ZWF1 gene knockout. This could help to redirect the flux to the TCA 

cycle by altering, for example, the cofactor preference of reactions of the glycolytic 

pathway. 

• Of utmost importance would also be to test the heterologous expression of 

dicarboxylic acids transporters, since S. cerevisiae does not naturally produce these 

compounds in significant quantities. It was already demonstrated for malic acid [2] and 

fumaric production [3] that the implementation of specific transporters led to 

significant overproduction of these compounds. 

• The endeavors to produce fumaric acid in S. cerevisiae have been traditionally 

challenging, with very few successful cases published. To date, only one research group 

reported the successful model-guided metabolic engineering for fumaric acid 

production in S. cerevisiae [3]. Although far from the maximum theoretical yied, the 

yield on glucose obtained in this thesis for the non-evolved strain was about 8 times 

higher than the one reported in the mentioned study (0.15 vs 0.018 mol fumarate. mol 

glucose-1). Therefore, it would be recommendable to further optimize this promising 

fumarate producing strain.  

• In our opinion, the experimental validation would also benefit from additional studies 

regarding the growth of the engineered strains in a pure respiratory environment. 

• It could be also interesting to test the proposed strain designs for each one of the target 

dicarboxylic acids on top of a pyruvate decarboxylase-negative strain capable of 

growing in glucose as the sole carbon source, as demonstrated by van Maris et al. [4]. 

• Regarding the phenomenaly tool, additional information could be included in the 

package repository, such as fluxomics and yeast synthetic lethality data available in 

online databases [5,6]. This could also contribute to enrich the model validation 

process, as well as to improve predictive capabilities of the yeast GSMMs and, 

consequently, increase the use and acceptance of model-guided methodologies in the 

metabolic engineering field. 

• Overall, the work developed in the last Chapters (5 and 6) emphasizes that more 

accurate studies on the yeast biomass composition are required to improve the 
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predictive power of yeast metabolic models. It would also be recommendable to test 

how the addition of other compounds not considered in this study to the in silico 

biomass composition affect the model performance.  

• Finally, it is stressed that more important than highlighting improvements in the model 

predictive capabilities should be underlining the limitations found when publishing or 

analyzing GSMMs, since that also constitutes an important step towards better 

models, as well as to guide new biological discovery studies. 
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