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Abstract 

Microbes are today used for the production of a wide range of commercial products including 

pharmaceuticals, food ingredients and chemicals. The development of stable microbial production 

processes takes place in the laboratory, whereas the actual industrial production is done in large-scale 

reactors that range from hundreds to thousands of cubic meters in volume. This disparity between 

the conditions where the microbial processes are developed and the conditions where the industrial 

production takes place can result in unnecessarily expensive process development and in worst-case 

lead to wrong decisions in terms of investments for new products and bioprocesses. Scale-up is 

therefore a critical step in process development. In order to facilitate better scale-up of production 

processes, a deeper understanding of the complex interplay between the environment in the 

production reactors and the physiology of the microbial production organisms is necessary. 

This thesis addresses the production of heterologous insulin in the yeast Saccharomyces cerevisiae 

cultured in chemostat mode. The overall aim of the study is to investigate the interplay between the 

physiology of the organism and the environment in industrial bioreactors. In particular, I focus on 

feast-famine conditions and how these conditions influence the physiology of the organism in 

comparison to a constant glucose-limited environment. I apply a unified approach, integrating 

experimental scale-down simulators, in depth omics analysis and sensing of population heterogeneity 

in order to address this question. 

My results reveal that adaptation and phenotypic differentiation of the recombinant strain occur in 

the glucose-limited environment. Fluctuations in glucose availability and feast-famine conditions can 

on the other hand completely prevent this phenotypic transition. I therefore propose that the 

phenotypic adaptation and occurrence of subpopulations are a result of the selective pressure of the 

glucose-limited environment and the burden of the heterologous insulin production.  

I present different hypotheses and tests carried out in order to investigate possible mechanisms 

behind the physiological adaptation including a test for genetic mutations, investigation of 

chronological aging hallmarks and application of genome-scale metabolic modelling. However, further 

studies are needed in order to clarify the exact mechanism.   
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With this study, I have improved our knowledge and understanding of the interplay between the 

environment in production reactors and the physiology of heterologous production hosts. This 

knowledge can be used for better design and scale-up of industrial production processes in the future.  
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Dansk resumé 

Mikroorganismer bliver i dag anvendt i produktion af en lang række produkter inden for blandt andet 

lægemiddelindustrien, fødevareindustrien og den kemiske industi. Udviklingen af stabile mikrobielle 

produktionsprocesser finder sted på laboratorieniveau, mens den faktiske produktion foregår i store 

produktionsreaktorer, som nemt kan indeholde flere hunderede kubikmeter produktionsmateriale. 

Forskellen mellem de betingelser, som mikroorganismerne udvikles under og det miljø, som de rent 

faktisk bliver udsat for i produktionsskala, kan resultere i uforudsete problemer og omkostninger, når 

processerne overføres fra laboratorie til produktion. I yderste konsekvens kan forskellene i miljø 

betyde, at beslutninger vedrørende investering i nye produkter og processer bliver foretaget på et 

forkert grundlag. Opskalering er derfor et yderst kritisk trin, når man udvikler nye mikrobielle 

produktionsprocesser. Vi har i dag ikke det fulde overblik over, hvordan de fysiske og kemiske 

betingelser i en produktionsreaktor påvirker mikroorganismers fysiologi. En bedre forståelse af dette 

forhold er derfor nødvendigt. 

I denne afhandling undersøges produktionen af heterolog insulin i Saccharomyces cerevisiae gæret 

ved brug af kemostater. Det overordnede formål med projektet er at undersøge hvordan gærens 

fysiologi påvirkes af betingelserne i en industriel bioreaktor. Nærmere bestemt er jeg interesseret i at 

undersøge, hvordan et miljø med oscillerende glukosekoncentrationer påvirker gærens fysiologi 

sammenlignet med det konstante glukosebegrænsede miljø, som normal kendetegner en kemostat. 

Til dette formål har jeg anvendt nedskaleringssystemer, udført proteom og genom analyser og 

undersøgt for populationsheterogenitet. 

Mine resultater viser, at den rekombinante gærstamme adapterer til det glukosebegrænsede miljø 

samtidig med, at der sker en fænotypisk differentiering af de enkelte gærceller. Disse ændringer 

forekommer ikke, når gæren udsættes for fluktuerende glukosekoncentrationer. De ændringer som 

observeres, når gæren er glukosebegrænset, kan derfor skyldes det selektionspres, som produktionen 

af heterolog insulin og glukosebegrænsningen udsætter cellerne for.  

Jeg præsenterer forskellige hypoteser og tests med henblik på at undersøge mulige mekanismer bag 

den fysiologiske adaption, som forekommer under glukosebegrænsede betingelser. Dette inkluderer 

en test for genetiske ændringer, undersøgelse af karakteristika for kronologisk aldring af cellerne og 

anvendelsen af en genome-scale model. Yderligere undersøgelser er imidlertid nødvendige for at 

fastlægge de præcise mekanismer bag det observerede fænomen.   
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Dette studie har forbedret vores viden og kenskab til forholdet mellem mikrobielle 

produktionsorganismers fysiologi og det produktionsmiljø, de oplever i store produktionsreaktorer. 

En viden, som i fremtiden vil forbedre overførslen af mikrobielle processer fra laboratorie til 

produktion.  
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 Introduction 

Most of us are excited about the fascinating world of natural science and the possibilities that it brings 

to ensure stable and novel solutions to global problems such as climate change, diseases, hunger and 

poverty. The current COVID19 pandemic and the fast development of efficient vaccines have 

overwhelmed us all and shown how important natural sciences are for our lives.  

When I read public newspapers and talk to friends and family members who do not have a natural 

scientific background, it hits me how little attention process development gets. How do we for 

instance ensure that the newly discovered pharmaceutical products can be produced in sufficient 

amounts and quality? To an affordable price? In a sustainable way? People tend to neglect these 

questions or do not know that process development and process scale-up are key to market success. 

The work presented in this thesis is about process scale-up and in particular the scale-down of 

heterologous insulin production in recombinant yeast. 

Microbial cell factories are today widely used in industry for the manufacture of pharmaceuticals, food 

ingredients, enzymes and other valuable chemicals (Chen et al., 2013; Chen et al., 2020; Nielsen, 2019; 

Yuan and Alper, 2019). The development of stable microbial industrial processes can be a complicated 

practice as the microorganisms interact with and adapt to the surrounding environment. Furthermore, 

many products of interest to industry are not naturally produced by the microbial host strain and the 

production of a heterologous product imposes a burden to the production strains,  which may result 

in selection towards lower producing strains (Rugbjerg and Olsson, 2020).  

Baker’s yeast Saccharomyces cerevisiae is an attractive host for industrial production as it is easy to 

culture and grows fast (Nevoigt, 2008). In the genomic era, S. cerevisiae was the first eukaryotic 

organism whose complete genome was sequenced (Cherry et al., 1997; Goffeau et al., 1996) and many 

functional genomics tools such as comprehensive knock-out and GFP-tagged strain collections exist 

for this organism (Giaever and Nislow, 2014; Huh et al., 2003). Additionally, an extensive toolkit has 

been developed to genetically engineer S. cerevisiae using both plasmids and genome editing (Siewers 

et al., 2010).   
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The development of production strains and production processes take place in laboratory-scale 

(millilitre to tens of litres), whereas the actual industrial production is typically performed in large-

scale production reactors (hundreds of cubic meters). Several differences exist between laboratory 

and production facilities:  

 To obtain sufficient cell concentrations in production reactors, cells used for production have 

undergone a remarkably higher number of cell divisions compared to cells in laboratory scale 

tests (Takors, 2012).  

 The raw materials applied in laboratory scale and production scale might not be of the same 

quality due to cost and logistical challenges. The sterilization procedures could also vary 

between different scales which could potentially influence the applied cultivation medium, 

e.g. affect heat sensitive additives such as vitamins (Takors, 2012).  

 The environment is often heterogeneous due to mass transfer, heat transfer and mixing issues 

in production bioreactors. In laboratory scale, ideal mixing can be obtained in the bioreactor, 

whereas gradients of for instance oxygen and substrate are observed in production scale 

(Larsson and Enfors, 1988; Oosterhuis and Kossen, 1984).  

The listed differences in physical and chemical conditions in the reactor can cause changes in 

productivity, process robustness and product quality when the process is transferred from laboratory 

scale to production scale. This makes bioprocess scale-up a critical step in process development. It is 

expensive, time consuming and resource-intensive to perform large-scale experiments. A pilot or 

production test often cost 40,000 – 80,000 euro/run (Delvigne et al., 2017). Moreover, economic 

decisions on investments for novel bioprocesses are typically based on laboratory-scale results 

(Takors, 2012). Better scale-up of cultivation processes will therefore increase usability of data 

generated in the laboratory and thereby help to reduce manufacturing costs.  

Traditionally, scale-up of bioprocesses is driven by physical guidelines, which do not take biological 

properties into account (Delvigne and Noorman, 2017). However, a deeper understanding of the 

complex interplay between the physical and chemical conditions in the reactor and the metabolism 

of the cell is needed. This is made possible by recent advantages in the areas of: 1) Computational 

simulation of mixing in bioreactors and design of scale-down reactor systems, 2) Multi-omics analysis 

technologies, and 3) Sensing of population heterogeneity (Delvigne and Noorman, 2017).   

With this study, I aimed to apply a unified approach, integrating experimental scale-down simulators 

and in-depth omics analysis to investigate heterologous insulin production in S. cerevisiae at both the 

population and single-cell level. In particular, I focused on feast-famine conditions and how these 
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conditions influence adaptation in chemostat cultures compared to a constant glucose-limited 

environment for both a wild-type and a recombinant S. cerevisiae strain (Figure 1.1).  

 

 

Figure 1.1: Overview of the strain, conditions and main tools used in this study. 

 

I have structured the work of this study into chapters each containing separate studies conducted in 

order to increase our knowledge and understanding of the interplay between the environment in an 

industrial production reactor and the physiology of S. cerevisiae.      

Chapter 2 serves as a general introduction to the tools and methods applied in this thesis. This includes 

an introduction to the S. cerevisiae yeast strains applied in the study, different cultivation strategies 

with focus on the chemostat setup, scale-down cultivation systems and analytical tools for omics and 

single-cell analysis.   

Chapter 3 contains a published research paper (Paper 1). In the study, we apply a two-compartment 

scale-down reactor system to study the effects of feast-famine conditions on the physiology and 

intracellular proteome of both a wild-type and recombinant S. cerevisiae strain. We show that glucose 

fluctuations can be beneficial for heterologous protein production by keeping the cell population in a 

stable physiological state and prevent adaptation, which would otherwise occur in a well-mixed 

glucose-limited chemostat.   

Chapter 4 contains a short follow-up study to the results presented in Chapter 3, where we aim to 

investigate whether the observed adaptation in the well-mixed chemostat can be coupled to genetic 

mutations. None of the results indicates that this is the case.  
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Chapter 5 contains a published perspectives paper (Paper 2), where we argue that population 

heterogeneity should be taken into account when studying adaptation in chemostat cultivations. We 

also discuss potential single-cell technologies relevant for this investigation.   

In the study described in Chapter 6, we follow up on the hypothesis proposed in Chapter 5 and 

investigate population heterogeneity in relation to our previous observations of adaptation (Chapter 

3). We show that three apparent subpopulations arise over time in our well-mixed chemostat setup, 

whereas the population distribution is homogenous in a scale-down reactor system imposing feast-

famine conditions. The study is structured as a research article and has been submitted for peer-

review and publication in a scientific journal (Paper 3).  

Chapter 7 contains another follow-up study to Chapter 3, where we test a hypothesis stating that the 

observed adaptation in the well-mixed chemostat is a result of the replicative aging mechanism. In the 

study, we are not able to confirm the tested hypothesis.   

In Chapter 8, we present the application of a genome-scale metabolic model to elucidate whether 

differences in insulin yield observed between two of the apparent subpopulations in Chapter 6 can be 

caused by bottlenecks in fluxes of metabolic pathways. We conclude that this is not the case. 

The eight chapters outlined above are followed by a short summary and a perspectives section on the 

work presented in this thesis. Chapter 4, Chapter 7 and Chapter 8 are structured as research articles 

but are unlikely to be submitted for publication as they either contain mainly negative or inconclusive 

results. I have included them in this thesis for the sake of completeness and to facilitate future 

research.   
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7 

 Background 

2.1 Saccharomyces cerevisiae as industrial production organism 

Yeast has been used in the production of food and beverages for thousands of years. Today, the yeast 

Saccharomyces cerevisiae is widely used in industrial processes for food fermentation, brewing, baking 

as well as for expression of heterologous proteins for production of vaccines and drugs (Melmer et al., 

2008; Parapouli et al., 2020). Furthermore, it is an important eukaryotic model organism used to gain 

insights into aging, and diseases such as Alzheimer’s and cancer (Feldmann, 2012).  

The manufacture of insulin by S. cerevisiae is an example of an industrial heterologous protein 

production process and the market for insulin has been predicted to reach $43.6 billion USD in 2021 

(Allen et al., 2019). Throughout the studies presented in this thesis, we have used a recombinant S. 

cerevisiae strain producing heterologous insulin as a model strain to investigate the influence of 

environmental factors such as glucose limitation and glucose fluctuations on heterologous protein 

production.     

In this chapter, I will briefly describe the main physiological characteristics of S. cerevisiae and 

introduce the recombinant strain in order to provide the reader with a theoretical foundation for the 

studies described in the following chapters.  

2.1.1 Physiology of S. cerevisiae  

2.1.1.1 Cell cycle and morphology 

S. cerevisiae is a single-celled yeast, which under favourable conditions reproduces by budding. 

Budding is a highly controlled process and the period between division of a mother cell and 

subsequent division of its daughter cell is defined as the cell cycle (Feldmann, 2012). During the cell 

cycle, the bud increases in size, and the size of the bud relative to the size of the mother cell can thus 

be used as a morphological indicator of the cell cycle progress (Hartwell, 1974). The cell cycle consists 

of four major cell cycle phases: The growth gap phase (G1), the DNA synthesis phase (S), a second 
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growth gap phase (G2) and the mitotic cell division phase (M), (Niu et al., 2008), (Figure 2.1). The 

morphology of the G1 growth phase represents a single mother cell. The S phase occurs when the bud 

size is small, whereas nuclear division in the G2/M phase under optimal growth conditions occur when 

the bud is approximately three-fourths of the size of the mother cell (Niu et al., 2008). In rich media, 

cell separation in the M phase occurs when the bud and the mother cell are around the same size 

(Porro et al., 2009).  

 

 

Figure 2.1: The cell cycle of budding yeast. G1: The growth gap phase, S: The DNA synthesis phase, G2: The second growth gap 
phase, M: The mitotic cell division phase. Adapted from Hartwell (1974). 

 

S. cerevisiae usually grows as single budding cells with a round to ovoid cell shape but the yeast can 

also grow in a filamentous form (Gancedo, 2001). One major filamentous morphology is pseudohyphal 

growth. Pseudohyphal growth is characterized by long and elongated cells that remain attached to 

each other after cell division. The produced chains and branches of cells are called pseudohyphae 

(Ceccato-Antonini and Sudbery, 2004).  

Pseudohyphal growth can be triggered by several environmental starvation conditions including 

carbon, nitrogen and oxygen depletion (Ceccato-Antonini, 2008). Pseudohyphal growth is therefore 

interpreted as a way for yeast to search for food, as the morphology enables it to explore a larger 

geographical area without a biomass increase (Vallejo et al., 2013). 
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The dimorphic switch towards pseudohyphal growth is controlled by the MAPK and cAMP signalling 

pathways (Vallejo et al., 2013). Both pathways regulate promoters for genes that are essential for 

filamentous growth (Vallejo et al., 2013). In brief, nutrient limitation activates the protein Ras2p, 

which stimulates the MAPK cascade and cAMP-dependent pathway. The final target of the MAPK 

pathway is the transcription factor Ste12, which binds to genes with a FRE element (Filamentation and 

invasive Response Element) in their promoter sequence. This includes for instance the cyclin/Cdc28 

complex which affects both the budding pattern and cell elongation of yeast (Gancedo, 2001). The 

cAMP pathway regulates the cAMP-dependent proteins kinases (Tpk1, Tpk2, Tpk3), which specifically 

activate or inhibit a number of proteins acting on different target genes. One of these target genes is 

FLO11 encoding a cell-surface flocculin required for pseudohyphal growth (Ceccato-Antonini and 

Sudbery, 2004; Gancedo, 2001).  

2.1.1.2 Metabolism of S. cerevisiae 

S. cerevisiae can metabolize a wide range of organic substrates including hexoses, pentoses, alcohols 

and fatty acids but it preferentially grows on glucose (Feldmann, 2012). Glucose is therefore often 

used as main carbon source in industrial processes and has also been used in all cultivations carried 

out as part of this thesis.  

Glucose transport in S. cerevisiae is mediated by 20 hexose transporters (HXT), each having a different 

affinity for glucose (Kruckeberg, 1996). The expression and function of the HXT genes are regulated 

by the external glucose concentration and the hexose transporters can be divided into low-affinity 

transporters with Michaelis-Menten saturation constants (KM) in the range of 15-20 mM and high-

affinity transporters with KM values between 1-2 mM  (Özcan and Johnston, 1999). The high-affinity 

transporters are repressed by glucose whereas the low affinity transporters are induced by high levels 

of glucose (Özcan and Johnston, 1999).  

The Ras2/cAMP/PKA regulatory pathway mediates an important part of extracellular glucose sensing 

and signalling as the active protein kinase A (PKA) indirectly or directly controls basic cellular functions 

such as glycolysis, fermentation, HXT transporters, ribosome synthesis and replication (Conrad et al., 

2014; Feldmann, 2012; Peeters et al., 2017; Santangelo, 2006). 

The metabolic and physiological state of S. cerevisiae is largely regulated by environmental factors 

including the availability of oxygen and glucose, which control the change between fermentative and 

respirative metabolism. S. cerevisiae is a Crabtree-positive yeast meaning that fermentation is the 

main catabolic pathway of sugar under glucose-excess conditions even when oxygen is abundantly 

available. The limited respiratory capacity under glucose-excess conditions is mainly caused by glucose 

repression of respiratory and gluconeogenic enzymes (Feldmann, 2012).  
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S. cerevisiae grown in a batch culture will display diauxic growth meaning that the cellular growth can 

be divided into two phases. In the beginning of the culture where glucose is in excess, respiration is 

supressed and the yeast will have a respiro-fermentative metabolism and produce ethanol. After the 

glucose is consumed a diauxic shift occurs and a second growth phase starts where S. cerevisiae 

metabolizes the accumulated ethanol (Feldmann, 2012).  

The fermentative metabolism of S. cerevisiae results in a lower biomass yield per gram sugar 

consumed (~0.1 g biomass per g glucose) compared to pure respiration (~0.5 g biomass per g glucose), 

(van Maris, 2001). The respiratory metabolism is therefore preferred if an efficient conversion of sugar 

to biomass is needed and can be obtained by a controlled supply of glucose and oxygen. In chemostat 

mode, which is further discussed in Chapter 2.2, this can be accomplished by limiting the dilution rate 

below the critical dilution rate. Below the critical dilution rate, the oxygen uptake is proportional to 

the dilution rate and the metabolism is purely respirative. Above the critical dilution rate, the 

physiological state of the yeast is changed to respiro-fermentative, where the oxygen uptake no longer 

increases and ethanol is produced (Fiechter and Seghezzi, 1992).   

2.1.2 Strains investigated in this work 

The recombinant haploid S. cerevisiae strain, C.U17, used throughout this thesis work was constructed 

by Ali Kazemi Seresht as part of his PhD studies at Chalmers University of Technology (Seresht, 2012). 

In this section, I briefly introduce the strain and the expression system. Unless stated otherwise, the 

following sections have been adapted from Seresht, (2012). 

In Chapter 3, we applied the wildtype strain, CEN.PK113-7D, as reference for comparison with the 

recombinant strain. 

2.1.2.1 The recombinant strain C.U17 

The C.U17 strain was constructed based on the auxotrophic strain CEN.PK113-11C (MATa, his3-Δ1, 

ura3-52, MAL2-8c, SUC2). It contains a 2 micron-based expression vector (2-µm) encoding for a fast-

acting human insulin analogue precursor (IAPEWK) (also referred to as insulin Aspart) and two selection 

marker genes, HIS3 and URA3 (Figure 2.2A). The HIS3 gene is fully functional whereas the URA3 

selection marker is downregulated, achieved through the truncation of the native promoter sequence. 

This has the effect of increasing the amplification of the expression vector and thereby increasing the 

plasmid copy number. Transcription of the IAPEWK is regulated under the glycolytic TPI1 promoter 

(Seresht, 2012). 
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2.1.2.2 Human insulin analogue precursor 

In the present study, fast-acting insulin Aspart (Figure 2.2B) is used as a model protein in order to 

study the manufacture of heterologous protein in S. cerevisiae during chemostat growth. The fast-

acting insulin Aspart precursor differs from the human insulin precursor by the following adjustments: 

1) the removal of the last amino acid of the B-chain, ThrB30, 2) replacement of the natural C-peptide 

with an artificial three amino acid bridge (Glu-Trp-Lys) and 3) an amino acid exchange at position 28 

of the B-chain from proline to aspartic acid (Kjeldsen et al., 2002). Moreover, the natural leader for 

secretion of human insulin is replaced by the yeast mating factor alpha, MFα, leader, to traffic of the 

insulin precursor through the secretory pathway. A 9-residue long KR-spacer peptide is placed 

between the leader and the insulin, where KR refers to the dibasic endoprotease cleavage site for 

Kex2p, which cleaves off the leader sequence from the IAPEWK at the late Golgi (Seresht, 2012).  

  

 

Figure 2.2: A: Schematic illustration of the recombinant S. cerevisiae C.U17 strain. Adapted from Seresht, (2012). B: Schematic 
illustration of the fast-acting insulin Aspart precursor (IAPEWK). Adapted from Jensen, (2017). 

 

2.1.2.3 The burden of heterologous protein production 

The production of a heterologous protein is a burden to the recombinant strain, as protein production 

requires energy and nutrients, and occupies cellular machineries such as ribosomes, polymerases and 

chaperones (Kafri et al., 2016). This metabolic burden gives recombinant strains a high growth 

disadvantage compared to wild-type strains (Kafri et al., 2016; Wu et al., 2016). For the C.U17 strain 

this is reflected as a 30 % reduction in maximum growth rate and biomass yield per glucose compared 

to the CEN.PK-113-7D strain (Seresht et al., 2013).  
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2.2 Cultivation strategies  

2.2.1 Batch mode 

The cultivation of microorganisms can be done in different ways. The simplest way is to grow cells in 

a liquid culture in batch mode where all the required nutrients are supplied in excess in the beginning 

of the culture and no culture broth is removed during the cultivation (Villadsen et al., 2011). This 

means that the growth of the production organism in a batch culture is initially unlimited and that the 

cells will grow with a maximum nutrient uptake and growth rate. The application of batch cultivation 

mode in industry is limited as several drawbacks can be listed. The substrate will not only be converted 

into biomass and the product of interest but also into by-products. S. cerevisiae can for example 

metabolise glucose into, e.g. ethanol, acetate and glycerol (Wills, 1990). These by-products can inhibit 

the growth of the production organism. The biomass concentration, which can be obtained during 

batch culture, is therefore relatively low. Moreover, the duration of a batch culture is limited by the 

concentration of the substrates and the process can therefore only run for a short period of time. For 

industrial production, this is unwanted as it results in inherent down time, e.g. for cleaning and 

sterilization.      

2.2.2 Fed-batch mode 

Fed-batch cultivation mode is used extensively in industry (Srivastava and Gupta, 2011). In a fed-batch 

process, nutrients are continuously supplied to the bioreactor whereas no cultivation broth is 

removed from the reactor. This means that the working volume and biomass concentration increase 

during cultivation (Srivastava and Gupta, 2011). In a fed-batch process, the growth rate of the 

production organism can be controlled by the rate of the supplied nutrients for instance by an 

exponential feeding profile. This means, that the physiological state of the production organism can 

be controlled and substrate inhibition can be avoided (Lidén, 2002). The growth of S. cerevisiae can 

for instance be kept in the respiratory phase by restricting the specific growth rate below the critical 

specific growth rate preventing the formation and accumulation of, e.g. ethanol (Van Hoek et al., 

1998). At the end of a fed-batch process, the entire cultivation broth is harvested for further down-

stream processing. 

Despite the advantages of the fed-batch process, the duration of the process is constrained by the 

reactor volume and the accumulation of inhibitor metabolites from dead/aged cells (Jahic et al., 2003).  
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2.2.3 Continuous cultivation mode 

The working volume in continuous cultures are kept constant by a constant supply of fresh nutrients 

and removal of cultivation broth at the same rate. This means that the cultivation process can be 

operated at high cell densities for long periods of time without accumulation of inhibitory metabolites 

(Stanbury et al., 2016).  

Chemostat cultivation is one of the most applied continuous cultivation strategies where a single 

essential nutrient is present in the cultivation medium at a growth-limiting concentration, which 

thereby controls the cell density of the production organism. The concentration of the growth limiting 

nutrient in the system remains constant per time unit and a stable equilibrium is thereby achieved 

where the growth of the cells in the bioreactor is equal to the dilution rate (Gresham and Hong, 2015). 

In industry, the application of chemostat processes are limited. This is mainly due to drawbacks such 

as challenges with long-term stability of the process and genetic instability of the cells (Peebo and 

Neubauer, 2018). Moreover, continuous processes have a higher risk of contamination compared to 

batch and fed-batch processes due to the longer operation times.    

In recent years, continuous manufacture has been of growing interest for industry (Farid, 2019). In 

this context, continuous cultivation processes are essential operation modes and chemostat 

production mode has a huge potential if the long-term stability challenges can be solved. This is further 

discussed in Chapter 5. 

The chemostat process is the focal point of this PhD study. In this study, all chemostat cultivations are 

initiated with a batch phase followed by a fed-batch phase in order to achieve a high biomass 

concentration that will be maintained during the chemostat phase (Figure 2.3).  
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Figure 2.3: Skematic illustration of the cultivation processes performed in this thesis. Adapted from Seresht, (2012). 

2.3 Development of microbial cell factories 

2.3.1 Strain construction and process development 

The process of modifying a host organism like S. cerevisiae to produce a heterologous product is 

known as metabolic engineering, which makes use of the so-called Design-Build-Test-Learn cycle 

(Nielsen and Keasling, 2016), (Figure 2.4). In the design phase, a set of modifications to a production 

strain is planned. In the build phase, the planned mutant strains are constructed in the laboratory 

using relevant genetic engineering tools. The constructed strains are then subject to a number of tests 

in order to evaluate the effects of the introduced mutations on the production characteristics. In the 

end, the results from the test phase are evaluated in the learn step. The Design-Build-Test-Learn cycle 

is an iterative process, and after several iterations in the cycle, successful strain candidates are taken 

forward for further process development and scale-up.  
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Figure 2.4: The iterative Design-Build-Test-Learn cycle for metabolic engineering of production strains illustrated together with 
the process development and scale-up step. Inspired by Nielsen and Keasling (2016).  

 

Similar to the steps in the Design-Build-Test-Learn cycle, the process development step also takes 

place on a laboratory scale. Here, decisions on process parameters including determination of set 

points and operational ranges, medium compositions and cultivation strategies, e.g. batch, fed-batch 

or chemostat are made. Productivity, yield, process robustness and time to market are important 

criteria to consider in this phase.   

2.3.2 Scale-up 

The transfer of bioprocesses from laboratory scale to production scale is a huge challenge for industrial 

biotechnology. One major issue in the scale-up of fed-batch and chemostat processes is the formation 

of concentration gradients in production reactors at high cell densities (Neubauer and Junne, 2016). 

Near the feed points of substrate, inlet gas and acid or base addition points, high concentrations of 

the supplied agent can be found whereas lower concentrations occur in the bulk solution (Figure 2.5B). 

Larsson et al., (1996) for instance showed substrate gradients in time and space in a 30 m3 fed-batch 

cultivation of S. cerevisiae.  
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Figure 2.5: A: Illustration of laboratory scale reactor with ideal mixing. B: Illustration of large-scale production reactor with 
substrate gradients. 

 

The environmental heterogeneity in a large scale bioreactor can be described by the Damköhler 

number  (Haringa et al., 2018): 

 

 𝐷𝑎 =
𝜏𝑐𝑖𝑟
𝜏𝑟𝑥𝑛

 (2.1) 

 

Where 𝜏𝑐𝑖𝑟 is the time scale of the circulation time in the reactor and 𝜏𝑟𝑥𝑛 is the time scale of the 

biological reactions occurring in the reactor. If the circulation time of the reactor is much larger than 

the reaction time, heterogeneity will occur. The mixing part of the Damköhler number is related to 

the fluid dynamic aspects of the specific production reactor and considers, e.g. the scale and 

configuration of the reactor including the geometry and impeller type. The reaction term of the 

Damköhler number is microbe-dependent and is related to the density of the cells in the reactor and 

how fast the cell consume the supplied substrate (Haringa et al., 2018). This assumption implies that 

the mixing time is scale-dependent whereas the reaction time is the same in laboratory and 

production reactors.  

The heterogeneity observed in production scale reactors is in contrast to laboratory scale reactors, 

which in general are considered well-mixed (Figure 2.5A). This implies that the production organisms 

will be cultured under different conditions when scaled-up from laboratory scale to production scale. 

Microorganisms circulated in stirred large-scale reactors will experience different environments 
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depending on their position in the reactor, whereas the ideal mixing in the laboratory reactors impose 

a constant environment.     

Several studies have shown how the differences in environmental conditions can result in decreased 

process performance including by-product formation, reduced productivity, lowered growth rate and 

higher requirements for maintenance energy of the production strain (Lara et al., 2006). However, a 

few studies have also showed how glucose gradients can lead to improved process performance 

(George et al., 1998; Hewitt et al., 2000; Marbà-Ardébol et al., 2018). We have also previously 

demonstrated how a recombinant S. cerevisiae strain increases its productivity of a heterologous 

protein when exposed to glucose fluctuations (Wright et al., 2016).  

As process development takes place in laboratory scale, the unpredictable behaviour of 

microorganisms when shifting from laboratory-scale to industrial conditions can result in prolonged 

development times and may also result in a non-viable production process from an economic point of 

view. Even if the scale-up process results in improved process performance, it can be a challenge both 

from a regulatory compliance for pharmaceutical products and planning point of view.  

2.3.3 The scale-down approach 

The goal of scale-down is to be able to simulate large-scale conditions and performance in the 

laboratory and thereby support process development. Scale-down reactor systems are laboratory-

scale bioreactors, which mimic the heterogeneous environment occurring in large-scale production 

reactors (Olughu et al., 2019). Several scale-down studies can be found in the literature and many 

different reactor configurations exist to study concentration gradients (Heins et al., 2015; Loffler et 

al., 2016; Simen et al., 2017). This includes single-compartment scale-down reactor systems, where 

the concentration profile of the parameter of interest is continuously increased and decreased over 

time for example by changing the feed rate as illustrated in Figure 2.6A. Another setup of the scale-

down simulators is the two-compartment system where a stirred tank reactor (STR) is coupled to 

either a plug flow reactor (PFR) or another STR (Figure 2.6B). In these setups the culture broth is 

continuously transferred back and forth between the two reactors, each having different conditions, 

e.g. concentrations of the parameter of interest. For instance, one reactor could simulate the feeding 

zone of the large-scale production reactor with high substrate concentration and the other reactor 

could simulate the bulk zone with low substrate concentration. In addition, setups of multiple 

compartments can be simulated by coupling reactors in different combinations (Figure 2.6C). 
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Figure 2.6: Examples of different scale-down reactor systems. A: Single-compartment system with intermittent feeding, B: Two-
compartment system, C: Multi-compartment system. 

 

When designing a scale-down reactor system one should consider different parameters such as the 

number of compartments (metabolic regimes), volume fractions between compartments, recycle rate 

among the compartments and residence times in the compartments. These parameters depend highly 

on the production organism of interest and the mixing conditions in the specific production reactor 

(Noorman, 2011). A huge challenge in bioprocess scale-down is the lack of data from industrial scale 

due to severe sensing and sampling restrictions (Noorman, 2011). Recent developments in scale-down 

studies have applied computational fluid dynamics (CFD) coupled to kinetic metabolic models to guide 

representative scale-down studies (Haringa et al., 2016; Wang, Haringa, Noorman, et al., 2020). 

Haringa and coworkers assessed the effect of substrate heterogeneity in cultivations with Penicillium  

chrysogenum and S. cerevisiae by CFD simulations coupled to metabolic modelling and performed a 

model-guided design of laboratory scale-down reactor systems (Haringa, Tang, et al., 2018). To reduce 

the computational requirements, reactor compartment models rather than full CFD simulations can 

be used to simulate mass transfer and cell growth in a limited number of compartments (Pigou and 

Morchain, 2015).  

The design of a suitable scale-down reactor system should be regarded as a compromise between 

how well the system mimics large scale performance and how easy it is to operate. A scale-down 

system with more reactors may be a better representation of the large-scale reactor conditions but 

the application of more reactors makes the system more complex to operate and increases the risk 

for contamination. Moreover, volume ratios and pump velocities are limited by physical constrains.   

2.3.3.1 Design of scale-down systems for this study 

We constructed a two-compartment scale-down reactor system in order to investigate the effects of 

feast-famine conditions on the physiology of the recombinant C.U17 strain and the wild type CEN.PK-
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113-7D. The results of the experiments are discussed in Chapter 3. In this section, I describe the design 

of the scale-down reactor system. 

The two-compartment system applied in the study is based on the scale-down system previously 

described in Wright et al., (2016) and consists of two interconnected, stirred tank bioreactors running 

in chemostat mode (Figure 2.7). Medium is supplied to the first reactor, whereas culture broth is 

removed from the second reactor. The volume in the second reactor is weight controlled whereas the 

volume in the first reactor is controlled by an outlet tube. The tube is placed on the surface of the 

fermentation broth, transporting liquid from the first reactor to the second reactor and thereby 

controlling the maximum working volume. To keep the volume constant in the first reactor, the pump 

transporting fermentation broth from the first reactor to the second reactor (Pump 1) pumps with a 

constant higher velocity compared to the pump transporting fermentation broth back to the first 

reactor from the second reactor. The velocity of this pump transporting fermentation broth from the 

second reactor to the first reactor (Pump 2) thereby determines the mixing time in the system. 

 

 

Figure 2.7: Illustration of the two-compartment system applied in this study. 

 

The design of the scale-down reactor system is based on a compartmentalization approach where the 

large-scale reactor is divided into smaller compartments, each with ideal mixing. The first reactor 
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represents the feeding zone with respiro-fermentative growth, whereas the second reactor 

represents the bulk reactor, where the cells have a lower glucose uptake rate. The volume of the first 

reactor corresponds to 33 % of the total reactor volume. Several designs of scale-down reactors have 

been applied in the literature with volume ratios between the two compartments ranging from 5 % to 

50 % (Bylund et al., 1998; Heins et al., 2015; Neubauer et al., 1995; Sandoval-Basurto et al., 2005; 

Simen et al., 2017).  

The volumes of tubes connecting the two reactors are 25 ml. This means that the cells have a residence 

time in the tubes of approximately 9 seconds. The mixing time in the system is 30 seconds 

corresponding to an average residence time in the feast reactor (Reactor 1) of 1 minute and an average 

residence time in the second reactor (the famine zone) of 2 minutes. Mixing times in large-scale stirred 

tank bioreactors (2-150 m3) can range from 10-300 seconds (Wang, Haringa, Tang, et al., 2020).  

We determined the mixing time in the two-compartment system at different flow rates by 

measurements of the pH in a linear succinate-malonate buffer system during addition of tracer pulses 

of 1mM NaOH or 1mM HCL according to Poulsen and Iversen (1997), (Figure 2.8B). We define the 

mixing time as the time required for the system to reach a pH value, which differs from the final 

equilibrium pH by ± 5 percentages (Figure 2.8A). 

 

 

Figure 2.8: A) Example of mixing time determination in the two-compartment system. The tracer pulse is added to the first 
reactor whereas the pH is measured in the second reactor. B) Mixing time in the two-compartment system as function of pump 
velocity of the pump pumping from the second reactor to the first reactor. 

 

In Chapter 6, we built a single-compartment scale-down reactor system composed of a single STR with 

intermittent feeding to investigate the effects of feast-famine conditions on population heterogeneity 

(Figure 2.6A). The system is operated in chemostat mode meaning that the media, which should be 



21 

added to the reactor in a time interval of 84 seconds in order to obtain a dilution rate of 0.1 h-1, is 

instead added in a pulse of 22 second followed by a 62 second pause with no media addition (Figure 

2.9). The ranges of the pulse and pause in the system were determined empirically so that the insulin 

and biomass concentration obtained for the C.U17 strain approach the concentrations obtained in the 

two-compartment system. We determined the critical dilution rate of ethanol production for the 

C.U17 strain to 0.16 h-1. This suggests that the strain exhibits a respiro-fermentative metabolism in the 

single-compartment scale-down reactor system, as the dilution rate of the system in the pulse period 

is 0.38 h-1.   

 

 

Figure 2.9: Illustration of feeding profile for the single-compartment scale-down reactor system with intermittent feeding 
applied in Chapter 6. The feeding profile is compared to the feeding profile of a normal chemostat cultivation with constant 
feeding. The working volume of the bioreactor is 0.3 L. 

2.4 Omics analysis 

Scale-down and scale-up of bioprocesses can benefit from advances in high-troughput omics analysis 

in order to get a better understanding of the interplay between the physiology of the production strain 

and the physical and chemical environment of the production reactor.   

High-throughput omics analysis techniques aim for accurate and universal detection of, e.g. the 

cellular genome, transcriptome, proteome or metabolome (Joyce and Palsson, 2006).  
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Whole genome sequencing analysis (WGS) can today be used for cheap and fast detection of entire 

genomes (Nielsen et al., 2011). In brief, the workflow consists of a DNA purification and fragmentation 

step to create a library. Next, the DNA fragments are amplified, sequenced and assembled by 

alignment towards a reference genome (Metzker, 2010).  

The transcriptome represents the complete set of RNA transcripts in the cell and thereby indicates the 

active components within the cell. Similar to the genome, the transcriptome of a cell at a given 

condition can today be elucidated by application of next generation sequencing technologies such as 

RNAseq. The general principles behind RNAseq are the same as for WGS (Wang et al., 2009).  

The proteome and metabolome represent the cellular levels of all proteins and metabolites that are 

encoded by the genome. Proteins can be detected by gel-based methods, but for proteomics analysis 

mass-spectrometry (MS) based methods are often applied (Calderón-Celis et al., 2018). The MS-based 

analysis workflow starts with an enzymatic digestion of proteins into peptides which are afterwards 

separated by liquid chromatography, ionized and identified by mass-spectrometry. Proteins are 

identified from the mass spectrum by comparison to the theoretical spectra taken from databases 

(Angel et al., 2012).  MS-based methods are also applied for metabolomics (Zhou et al., 2012). 

Omics technologies can be used in scale-down studies to gain significant insight into the physiological 

mechanisms of the cells and to understand key regulation phenomena responsible for possible 

changes in process performance during scale-up from laboratory to large-scale production reactors 

(Delvigne et al., 2017). This knowledge can potentially be used when designing the cultivation 

processes or to identify targets for metabolic engineering to obtain robust, high yielding strains, and 

cultivation processes (Figure 2.4).  

Simen et al., (2017), for example, used transcriptomics in a scale-down study of Escherichia coli to 

investigate both the short term and long term transcriptional response of the strain to glucose and 

ammonia fluctuations in a two-compartment scale-down reactor.  Around 400 genes were repeatedly 

switched on and off when the strain was transferred back and forth between the reactor 

compartments resulting in an increase in the strain’s maintenance energy of 15 %. Limberg et al., 

(2017) also applied a two-compartment scale-down reactor system to investigate the effects of 

oxygen and substrate gradients on Corynebacterium glutamicum and used transcriptome, proteome 

and metabolome analysis to identify key metabolic mechanisms responsible for the robustness of the 

organism to the simulated gradients. The influence of feast-famine conditions on penicillin production 

in P. chrysogenum has also been studied by the application of metabolomics and 13C-based fluxomics 

(de Jonge et al., 2014). In the study, it was observed that the glucose fluctuations resulted in increased 

turnover of storage carbohydrates compared to reference conditions.   
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High-throughput omics technologies yield significant amounts of data and it can be a challenge to 

interpret these large datasets and translate the data into new fundamental knowledge about the 

biological system (Joyce and Palsson, 2006). One approach to analyse the data, would be to integrate 

the omics data in genome-scale metabolic models (GEMs) to study and model the cellular metabolism 

by a systems biology approach (Sánchez and Nielsen, 2015).  

2.4.1 Genome-scale metabolic models for analysis of omics data 

GEMs are stoichiometric models and represent a reconstruction of the metabolism and metabolic 

network of a particular organism of interest. In stoichiometric models, a pseudo-steady state is 

assumed, meaning that steady state mass balances are imposed on each metabolite. The sum of all 

fluxes that produce the metabolite must be equal to the sum of all fluxes that consume it. Thus, the 

result of a GEM simulation is a possible solution space for all the fluxes in the model (Lopes and Rocha, 

2017). To reduce the solution space, the reaction fluxes are constrained by upper and lower bounds 

that are motivated by thermodynamics considerations (irreversible reactions have a lower bound of 

0) or experimental knowledge (measured uptake rates and internal fluxes), (Figure 2.10). Omics data 

can be integrated into the GEMs by adding an additional layer of constraints for the reaction fluxes 

(Bordbar et al., 2014). 

 

 

Figure 2.10: Schematic illustration of GEMs. A reconstructed metabolic network is transferred into a constraint-based model 
with a pseudo-steady state assumption. The system of linear equations define a solution space and an optimal solution can be 
found by implementation of an objective function. S: stoichiometric matrix of the metabolite coefficients in each reaction (R), 
v: reaction flux, M: metabolites, LB: lower bound, UB: upper bound. Adapted from Lopes and Rocha (2017). 

 

One of the most popular methods to simulate and solve GEMs is by application of flux balance analysis 

(FBA). FBA identifies a single optimal flux distribution and solution through optimization of an 

objective function (Orth et al., 2010). This objective function can be a goal which the cell 
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experimentally would try to achieve, e.g. maximization of biomass formation or ATP production 

(Palsson, 2015).  

A drawback with the GEM models is the steady state assumption. They therefore cannot be used to 

capture the response to the fluctuating environment, e.g. glucose gradients and feast-famine 

conditions which the cells experience in a production scale reactor.  

In Chapter 3 and Chapter 6, we perform time course proteomics analyses of S. cerevisiae strains 

cultivated in chemostats. In Chapter 8, we constrain a GEM of S. cerevisiae with the proteomics data 

sets to get a better understanding of the chemostat cultivations performed in this study.   

2.4.2 Sensing and understanding of population heterogeneity 

In the previous sections, we considered the production strain as identical cells with identical 

metabolism and physiology. However, the cells in a bioreactor may differ phenotypically from each 

other both due to external conditions in the reactor, e.g. gradients, and due to internal conditions 

such as biological noise. This can result in lowered yields and productivities of industrial production 

processes (Rugbjerg and Olsson, 2020). It is therefore important to consider population heterogeneity 

in process development and scale-up.  

Different technological tools exist to study single cell properties in bioreactors (Lencastre Fernandes 

et al., 2011). In Chapter 5, we discuss single-cell technologies further and how they may be used in 

the context of adaptation in chemostats. In this thesis, we apply flow cytometry to distinguish cells 

based on morphology.   

Flow cytometry is a high-throughput method, which can be used to measure the optical and 

fluorescence characteristics of single particles, e.g. cells in a cultivation broth sample (Adan et al., 

2017). The technology relies on light scattering and fluorescence emission, which occur when a laser 

beam strikes the moving particles.  When the light strikes the cells, it is deflected in both forward and 

sideways directions. The forward scatter area (FSC-A) correlates with cell size for yeast whereas the 

side-scattered area (SSC-A) is proportional to cell granularity or complexity (Adan et al., 2017). The 

flow cytometer can also capture the fluorescence signals of cells that are stained or carry fluorescent 

reporter genes. This is done by separate lasers with specific wavelength detection. In fluorescence-

activated cell sorting (FACS), a flow cytometer is coupled to a cell sorting unit. Cells can be physically 

separated based on their light scattering and fluorescent properties (Lencastre Fernandes et al., 2011). 

In Chapter 6 and Chapter 7, we apply FACS to separate cells from a population based on FSC-A.   
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Abstract

Chemostat cultivation mode imposes selective pressure on the cells, which may

result in slow adaptation in the physiological state over time. We applied a two‐
compartment scale‐down chemostat system imposing feast–famine conditions to

characterize the long‐term (100 s of hours) response of Saccharomyces cerevisiae

to fluctuating glucose availability. A wild‐type strain and a recombinant strain, ex-

pressing an insulin precursor, were cultured in the scale‐down system, and analyzed

at the physiological and proteomic level. Phenotypes of both strains were compared

with those observed in a well‐mixed chemostat. Our results show that S. cerevisiae

subjected to long‐term chemostat conditions undergoes a global reproducible shift

in its cellular state and that this transition occurs faster and is larger in magnitude

for the recombinant strain including a significant decrease in the expression of

the insulin product. We find that the transition can be completely avoided in

the presence of fluctuations in glucose availability as the strains subjected to

feast–famine conditions under otherwise constant culture conditions exhibited

constant levels of the measured proteome for over 250 hr. We hypothesize possible

mechanisms responsible for the observed phenotypes and suggest experiments

that could be used to test these mechanisms.

K E YWORD S

feast–famine conditions, heterologous protein, proteome, Saccharomyces cerevisiae, scale‐down

1 | INTRODUCTION

Baker's yeast, Saccharomyces cerevisiae, is a popular model organism

and many functional genomics and molecular biology tools are

available for engineering of this important species. This combined

with the Generally Recognized as Safe status assigned by the

Food and Drug Administration, makes S. cerevisiae an attractive

host for industrial production and S. cerevisiae is today used for

the production of various products in the biotech industry

including biopharmaceuticals (Chen, Daviet, Schalk, Siewers, &

Nielsen, 2013).

Continuous and fed‐batch cultivation mode are desirable culti-

vation strategies for industrial production processes as high cell

densities can be reached and by‐product formation avoided. In che-

mostat cultivations, the cells are maintained in a steady‐state growth

environment by the supply of a constant medium flow with one or

more final cell‐density‐limiting nutrients, and simultaneous removal

of cultivation broth at a defined growth rate. Though, the commercial
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use of chemostat processes are limited, high yields of continuous

recombinant protein production have been reported in the scientific

literature (Peebo & Neubauer, 2018). Chemostat cultivations are

also widely applied as a tool for functional genomics research and

characterization of microbial physiology in a controlled and re-

producible manner (Hoskisson & Hobbs, 2005; Jansen et al., 2005;

Peebo & Neubauer, 2018). However, steady‐state chemostats exert

a selective pressure on the cells, which may result in genetic or

nongenetic adaptation or transition in the cellular state over

time (Jansen et al., 2005; Mashego, Jansen, Vinke, van Gulik, &

Heijnen, 2005; Seresht et al., 2013). Such metabolic and genetic

changes over time are undesirable when chemostats are used for

physiological characterization of microorganisms because the

main purpose of using chemostats is to avoid changes in the cellular

behavior. Stability and reproducibility of production strain phenotype

is also important when chemostat mode is used for industrial

production (e.g., pharmaceuticals).

The scale‐up of industrial cultivation processes from laboratory

scale with ideal mixing to production scale with heterogeneities in

the fluid phase has been widely studied. Various laboratory scale‐
down systems have been designed for prediction of process perfor-

mance in conditions where the host organisms are exposed to con-

centration gradients. These systems include setups of two coupled

stirred tank reactors, a stirred tank reactor coupled to a plug flow

reactor, or even three reactors coupled together (Olughu, Deepika,

Hewitt, & Rielly, 2018). The general idea behind the scale‐down

systems is to maintain different environmental conditions between

the reactors, such as differences in the oxygen level, substrate con-

centration, or pH. The cell culture is then transferred back and

forth between the reactors mimicking the circulation of culture broth

in a large‐scale reactor (Heins & Weuster‐Botz, 2018; Limberg

et al., 2017).

We have previously demonstrated how the cultivation of a

recombinant S. cerevisiae strain in a two‐compartment scale‐down

reactor system operated in a chemostat mode resulted in an in-

creased production of a heterologous protein compared with the

same strain cultivated in a well‐mixed single‐compartment chemostat

(Wright, Rønnest, & Thykaer, 2016). In this current study, we used

a similar approach to characterize the long‐term responses of both

a wild‐type and an industrially relevant recombinant S. cerevisiae

strain earlier examined by Seresht et al. (2013) to fluctuating and

constant glucose levels on the proteomic and physiological level.

Cells cultivated in the chemostat system exhibited a physiolo-

gical transition over a time scale of 100 s of hours resulting in sig-

nificant changes in the relative composition of the cellular proteome.

In contrast, the heterogeneous environment of the two‐compartment

system not only improved the productivity of the recombinant insulin

product but also suppressed changes in cell proteome for both the

wild‐type and recombinant strain. These results demonstrate that

fluctuations in glucose availability (feast–famine conditions) can be

beneficial not only for heterologous protein production, but also in

general for host cell stability of S. cerevisiae during prolonged

continuous cultivation.

2 | MATERIAL AND METHODS

2.1 | Yeast strain

S. cerevisiae C.U17 (Seresht et al., 2013) was used as recombinant

strain. This strain contains a 2‐μm vector with an expression

cassette encoding the Triose Phosphate Isomerase 1 (TPI1) promoter

and a gene encoding a single‐chain insulin precursor. Both HIS3 and

URA3 are used as auxotrophic selection markers. The prototrophic

strain CEN.PK113‐7D was used as the wild‐type reference.

2.2 | Inoculum

Cells were cultured overnight in 300ml shake flasks with 100ml

defined minimal growth medium (Seresht et al., 2013). The

bioreactors were inoculated to an initial OD600 of 0.5.

2.3 | Culture conditions

Continuous chemostat cultivation of both strains was carried out in

both a regular single‐compartment system and a two‐compartment

system, in which the cells were exposed to feast–famine conditions

(Figure 1). All the cultivations were initiated with a batch and a fed‐
batch phase to subculture the biomass. The temperature was 28°C, pH

5.9, aeration was 2 vvm, and dilution rate 0.1 hr−1. A minimal medium

with a glucose concentration of 75 g/L (Seresht et al., 2013) was used

in all cultivations. The single‐compartment system was 0.5 and 2 L fully

instrumented and automatically controlled BIOSTAT® reactors (Sar-

torius Stedim Biotech S.A, Germany). The two‐compartment system

had previously been described in Wright et al. (2016) . It consisted of

two interconnected 0.5 L Sartorius‐stirred tank reactors between

which the cultivation broth was circulated with a rate of 170ml/min

corresponding to a mixing time in the system of 30 s measured ac-

cording to Poulsen and Iversen (1997). The working volumes of the

two reactors were kept constant at 170ml (Tank 1) and 350ml

(Tank 2), respectively, during the continuous phase of a culture. This

corresponds to an average residence time of 1min in Tank 1 and an

average residence time of 2min in Tank 2. The working volume in

Tank 2 was weight‐controlled and cultivation broth was pumped from

this tank to keep a constant volume in the system. The inlet probe

transporting liquid from Tank 1 to Tank 2 was placed at the surface of

the cultivation broth to keep a constant volume in Tank 1. Differences

in glucose availability were simulated by directing all medium feed to

Tank 1 (Figure 1), meaning that the cells experienced feast condition in

Tank 1 and famine condition in Tank 2. Both reactors in the two‐
compartment system were fully aerated with an aeration rate of

2 vvm and a stirrer speed of 1,000 rpm. The pH was adjusted in both

reactors. Five biological replicates in the single‐compartment system

and three biological replicates in the two‐compartment system were

performed for the recombinant strain, whereas three biological re-

plicates in both the systems were carried out with the wild‐type strain.
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2.4 | Analysis

2.4.1 | Samples

Daily samples were taken for measurements of cell dry weight, extra-

cellular insulin concentration, contamination, and off‐line pH control. In

the two‐compartment system, insulin concentration and cell dry weight

were only measured from Tank 2 as previous data showed no difference

in these measurements between compartments (Wright et al., 2016).

Every second day, during the continuous phase of cultivations, samples

were taken for determination of residual glucose concentration, extra-

cellular metabolite concentration, and intracellular proteins. These sam-

ples were taken from both reactors in the two‐compartment system.

2.4.2 | Cell dry weight, extracellular glucose,
ethanol, acetate, and glycerol

Measurements of cell dry weight, extracellular glucose, ethanol,

acetate, and glycerol were performed as described in Wright et al.

(2016). The detection limit for ethanol, acetate, and glycerol were

1, 0.01, and 0.01 g/L, respectively.

2.4.3 | Off‐gas

The off‐gas from all cultures was measured at‐line with a Prima δB

mass spectrometer. For cultivations in the two‐compartment system,

the off‐gas was measured from both reactors.

2.4.4 | Analysis of recombinant insulin

For determination of the extracellular recombinant insulin con-

centration, cultivation broth was centrifuged at 5000 rpm for 10 min.

The supernatant was diluted 1:1 with acetic acid and the insulin

concentration in the supernatant was measured by HPLC analysis

using a Waters ACQUITY BEH 2.1 × 50‐mm column (C18;1.7 μm).

2.4.5 | Analysis of intracellular proteins

Proteomics samples from a minimum of three biological replicates

were analyzed for each cultivation condition. For each cultivation

samples from a minimum of six different cultivation time points were

analyzed. In the two‐compartment system samples were taken from

both reactors, meaning that minimum 12 samples were analyzed for

each of the cultivations in the two‐compartment system (Tables S2

and S3 for an overview of the different samples).

Preparation of protein extract from S. cerevisiae was done as

previously described in Bonde et al. (2016). Liquid chromatography

was performed on a Cap‐LC system (Thermo Fisher Scientific, MA)

coupled to a 75‐μm × 15 cm 2 μm C18 easy spray column (Thermo

Fisher Scientific). The flow rate was set to 1.2 μl. Using a stepped

gradient, going from 4% to 40% acetonitrile in water over 50 min,

the samples were sprayed into an Orbitrap Q Exactive HF‐X mass

spectrometer (Thermo Fisher Scientific). Mass spectrometry (MS)‐
level scans were performed with Orbitrap resolution set to 60,000;

AGC Target 1.0e6; maximum injection time 50 ms; intensity

threshold 5.0e3; and dynamic exclusion 25 s. Data‐dependent MS2

selection was performed in Top 12 mode with HCD collision energy

set to 28% (AGC target 1.0e4; maximum injection time, 22 ms). The

resulting data were analyzed using Proteome Discover 2.3 (Thermo

Fisher Scientific) with the following settings: Fixed modifications:

Carbamidomethyl (C) and Variable modifications: oxidation of

methionine residues. First search mass tolerance 20 ppm and an

MS/MS tolerance of 20 ppm. Trypsin was selected as an enzyme

and allowing one missed cleavage. False discovery rate was set at

0.1%. Data was searched against the S. cerevisiae database re-

trieved from Uniprot with proteome ID AUP000002311. The se-

quence of the heterologous insulin was added to the proteome

database. The proteins were quantified by label‐free quantification

and the abundance of each protein is reported as the relative in-

tensity with respect to total intensity of all identified peptides. The

data sets can be found on data.dtu.dk (https://doi.org/10.11583/

DTU.9833936). Moreover, the mass spectrometry proteomics data

have been deposited to the ProteomeXchange Consortium (http://

proteomecentral.proteomexchange.org) via the PRIDE partner

F IGURE 1 Illustration of the cultivation systems applied in this study. Left: Single‐compartment system with ideal mixing.
Right: Two‐compartment system simulating feast–famine conditions [Color figure can be viewed at wileyonlinelibrary.com]
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repository (Vizcaíno et al., 2013) with the data set identifier

PXD015536.

2.5 | Data processing of proteome data

For further processing and data analysis of the proteome data set,

only proteins with measurements in all samples were applied. This

means that a data set of 2,771 proteins for cultivations with the

recombinant strain and a data set of 2,861 proteins for cultivations

with the wild‐type strain was used.

2.5.1 | Hierarchical clustering

The proteome data used for hierarchical clustering were scaled

using Proteome Discover 2.3 (Thermo Fisher Scientific) so that the

average across all samples for a particular protein is 100. The data

were further standardized by subtracting the mean and dividing by

the standard deviation. Hierarchical clustering of proteome data

was performed using the Ward method with Euclidean distance as

distance measure by means of the scipy.cluster.hierarchy package

in Python (Oliphant, 2007).

2.5.2 | Gene ontology term selection and annotation

Gene ontology (GO) process terms were taken from the

2017‐01‐14 GO slim Mapping list downloaded from SGD

Project (2019, July 17). A one‐sided Fisher's exact test was

used to investigate whether different clusters, originating from

the hierarchical clustering, were enriched with proteins

annotated with certain GO process terms. The test was

performed using the R package bc3net package (Simoes,

Tripathi, & Emmert‐Streib, 2012).

2.5.3 | Proteome changes over time

Two different approaches, showing similar results, were applied to

determine whether proteins were increasing, decreasing, or stable

over time: (a) A robust linear regression model to determine

whether proteins were significantly changing with time using

the R package MASS (Venables & Ripley, 2002). For significantly

changing proteins the slope of the model was used to determine

whether the protein was decreasing or increasing with time.

Benjamin/Hochberg analysis was used to correct the p values.

(b) Differences in protein levels between early and late cultivation

state. Early cultivation state was defined as continuous cultivation

times before 100 hr of continuous cultivation (~14 generations

in continuous phase) and late cultivation state as continuous

cultivation times after 200 hr of continuous cultivation (~29 gen-

erations in continuous phase). The level of a given protein in a

given cultivation state was calculated as the mean of the protein

abundances of all samples from all biological replicates in the

particular state. A two‐sided t test was applied, using the scipy.stats

package in Python (Oliphant, 2007). The p values from the two‐
sided t test was corrected with false discovery rate using

Benjamini/Hochberg.

2.5.4 | Transcription factor analysis

A one‐sided Fisher's exact test was used to investigate whether

the different clusters, originating from the hierarchical clustering,

were enriched with proteins regulated by specific transcription

factors. The transcription factor network list was taken from the

curated regulatory network available at Yeastract (Teixeira

et al., 2018). The test was performed using the R package bc3net

(Simoes et al., 2012).

3 | RESULTS

In this study, prolonged continuous cultivations of a wild‐type
S. cerevisiae strain and a recombinant S. cerevisiae strain producing

extracellularly secreted insulin were investigated. The cultivations

were carried out in both a single‐compartment setup with ideal

mixing and a scale‐down two‐compartment system imposing

feast–famine conditions to mimic large‐scale production conditions.

3.1 | Cellular physiology

The residual glucose concentration for all cultivations were

close to zero, indicating carbon‐limited growth (Figure S1). In the

two‐compartment system the average residual glucose con-

centration in Tank 1 was around 4 mg/L higher than the con-

centration in Tank 2 (Table 1). The glucose uptake rate in the

single‐compartment system was calculated to be ~1.4 mmol ·

gDW−1 · hr−1 for both strains. In Tank 1 of the two‐compartment

system, the glucose uptake rate was ~4.2 mmol · gDW−1 · hr−1,

whereas almost no glucose was consumed in Tank 2. This confirms

that the cells experienced feast conditions in Tank 1 and famine

conditions in Tank 2.

The insulin concentration at the beginning of the continuous

phase is higher in the two‐compartment system compared with the

single‐compartment system (Figure 2a). In the two‐compartment

system, the insulin concentration was stable throughout the entire

cultivation period whereas the insulin concentration in the single‐
compartment setup decreased to almost half of the maximum value

within 200 hr of continuous cultivation (Figure 2a). A slightly

different mean biomass yield between the two reactor setups

were observed for both strains (two‐sided t test, p < .05; Figure 2b;

data from wild‐type strain in Figure S2; for mean values and p values

see Table S1).
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TABLE 1 Average residual glucose concentration and glucose uptake rate in continuous phase for the recombinant strain and the wild‐type
strain cultivated in single‐ and two‐compartment systems

Recombinant strain Wild‐type strain

Single‐compartment system Two‐compartment system Single‐compartment system Two‐compartment system

– Tank 1 Tank 2 – Tank 1 Tank 2

Residual glucose

concentration (mg/L)

2 ± 0.3 5 ± 1 1 ± 0.2 8 ± 1 5 ± 0.4 1 ± 0.2

Glucose uptake rate

(mmol · gDW−1 · hr−1)

1.4 4.2 0.0 1.4 4.2 0.0

Note: The average concentrations are calculated from three biological replicates with a minimum of six samples in each replicate.

F IGURE 2 Extracellular insulin (a),
biomass (b) and acetate concentration (c) in

the cultivation broth as a function of
cultivation time for three biological replicates
of the recombinant strain cultivated in the

two‐compartment system (filled squares) and
in the 0.5‐L single‐compartment system (open
circles)
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No extracellular metabolites above the detection level were

measured for the wild‐type strain in either reactor setup. For the

recombinant strain, only acetate production was detected (Figure 2c).

Calculation of carbon balances accounted for more than 93%

of measured and estimated carbon compounds in all cultivations

(data not shown).

The levels of CO2 production (carbon evolution rate, CER), O2

consumption (OUR), and dissolved oxygen tension were similar

between biological replicates (Figures S3–S11). In the two‐
compartment system, CER, OUR, and dissolved oxygen tension were

stable throughout the entire cultivation period for both the re-

combinant strain and wild‐type strain (Figure 3b,d). Oscillations were

observed in CER, OUR, and dissolved oxygen concentration for both

strains cultivated in the single‐compartment system. For the re-

combinant strain, the oscillations stopped after around 100 hr of

continuous cultivation; here, an increase in the average level of CER

and OUR was observed (Figure 3a). The oscillations in the wild‐type
strain continued until around 180 hr of continuous cultivation, where

a small increase in CER and OUR were also observed for two of the

biological replicates (Figures S9 and S10). The oscillations had a

period of approximately 3 hr in all replicates.

3.2 | Dynamics of intracellular proteins

Intracellular protein levels measured in the two‐compartment

system were generally observed to be constant throughout the

entire cultivation period for both strains. Only eight proteins were

found to be significantly changing in the wild‐type strain in either

compartment, whereas only one protein was observed to change in

the recombinant strain (robust linear regression model, q < 0.05). This

was not the case for cultivations in the single‐compartment system

where many of the measured proteins changed over time (66% for

the recombinant strain ranging from [−0.023;0.021] log2FC/hr and

25% for the wild‐type strain ranging from [−0.020;0.009] log2FC/hr;

robust linear regression model, q < 0.05). No significant differences

in the protein abundances between the two reactors in the two‐
compartment systems were observed (Figures S15 and S16). This is in

line with the expectation as the turnover rates of intracellular proteins

in S. cerevisiae are within hours, whereas the residence time in the two

reactors of the two‐compartment system is on average 1 and 2min,

respectively (Figure 1; Christiano, Nagaraj, Fröhlich, & Walther, 2014).

A principal component analysis (PCA) of samples taken from the

single‐compartment system indicated that the samples could be se-

parated into two main clusters depending on when in the cultivation

period the samples were taken (Figure 4a,c). No time‐dependent
pattern could be found for the cultures in the two‐compartment

system (Figure 4b,d). It should be noticed that three of the PCA plots

in Figure 4 cover less than 50% of the variance in the data. However,

the clustering of the samples according to cultivation time was

confirmed by the trends of several intracellular proteins over time,

for instance, the glycolytic proteins Fructose‐1,6‐Bisphosphate

aldolase (Fba1p), Glucokinase (Glk1p), and Triosephosphate isomerase

(Tpi1p; Figure 5).

F IGURE 3 Carbon evolution rate (CER) as a function of cultivation time for representative cultivations. (a) Recombinant strain in 0.5 L
single‐compartment system; (b) Recombinant strain in two‐compartment system. The illustrated CER is measured from the off‐gas of Tank 2;

(c) Wild‐type strain in 0.5‐L single‐compartment system; (d) Wild‐type strain in two‐compartment system. The illustrated CER is measured from
the off‐gas of Tank 2
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3.3 | Proteome changes in single‐compartment
system

Hierarchical clustering of the proteome data from the cultivations

in the single‐compartment system indicated that the groups of

proteins had distinct patterns of time‐dependent behavior in

both the recombinant strain and the wild‐type strain (Figure 6).

By visual inspection, it was observed that the protein levels for

the recombinant strain were either decreasing after 100 hr in the

continuous phase (Cluster 1; Figure 6), increasing after 100 hr in

the continuous phase (Clusters 3 and 4; Figure 6a), or relatively

stable throughout the entire cultivation period (other clusters in

Figure 6a). Fisher's exact test applied to the groups of proteins

decreasing over time (Cluster 1, Figure 6a) and the proteins

increasing over time (Clusters 3 and 4, Figure 6a) showed that

the clusters were enriched with proteins annotated with certain

GO slim process terms (q < 0.05; Table 2). The downregulated

proteins had an overrepresentation of proteins associated with

cellular metabolism whereas the clusters containing proteins

upregulated over time had an overrepresentation of GO terms

related to the protein synthesis machinery (Table 2). For the

wild‐type strain cultivated in the single‐compartment system a

cluster of proteins increasing after 180 hr and a cluster of proteins

decreasing after 180 hr were found (Figure 6b). The clusters with

decreasing and increasing proteins were enriched with proteins

from many of the same GO process terms that were found for

the recombinant strain (Table 2).

In addition to the analysis of the GO slim term enrichment in the

up‐ or downregulated protein clusters, we also sought to identify

possible transcription factors (TF) responsible for controlling these

changes using transcriptional networks extracted from the Yeastract

database (Teixeira et al., 2018). The outcome of Fischer's exact test

analysis of TF‐regulated protein sets for the recombinant strain is

shown in Table 3. Moreover, it is indicated if the transcription factors

were also found to regulate similar clusters from the clustering of

the wild‐type strain. It should be noted that only half of these tran-

scription factors have themselves been identified in the proteomics

data set.

Even though the downregulated protein clusters had over-

representation of proteins in specific GO slim categories, all of

these categories also contained proteins that were upregulated

over time (Figure S26).

F IGURE 4 Principle component analysis of proteomics samples from the different culture conditions: Cultures with the recombinant strain
in the 0.5‐ and 2‐L single‐compartment system (a) and in the two‐compartment system (b), Cultures with the wild‐type strain in the 0.5‐ and 2‐L
single‐compartment system (c) and in the two‐compartment system (d). Data represent samples from minimum three independent cultures with

a minimum of six samples from each culture. For cultures in the two‐compartment system, the samples taken from both Tanks 1 and 2 are
shown. Numbers indicate the time point in hours from start‐continuous phase at which the sample is taken
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4 | DISCUSSION

4.1 | Physiology of S. cerevisiae exposed
to heterogeneous and homogeneous conditions
during prolonged continuous cultivations

In this study, we compared the behavior of two S. cerevisiae strains

during prolonged cultivation in a well‐mixed single‐compartment

system and a two‐compartment system imposing feast–famine con-

ditions. The single‐compartment system was operated as a chemostat

with a dilution rate of 0.1 hr−1. No overflow metabolism was ob-

served for any of the strains, meaning that the cultivations were

operated below the critical dilution rate resulting in a purely oxida-

tive metabolism. The two‐compartment system was also operated

with an overall dilution rate of 0.1 hr−1. In Tank 1 of the two‐
compartment system, the glucose uptake rate was above the critical

glucose uptake rate at which ethanol is produced (Table 1 and

Figure S12). Moreover, the biomass yield in the two‐compartment

system was lower than the yield observed in the single‐compartment

system (Figure 2b and Table S1). This suggests that the cells exhibit

respiro‐fermentative metabolism in the two‐compartment system. As

no ethanol formation could be detected in the two‐compartment

system, we speculate that the ethanol produced in Tank 1 of the two‐
compartment system is metabolized in Tank 2 resulting in an ethanol

concentration in the system, which will never exceed the detection

limit for the analysis (1 g/L).

In the single‐compartment system oscillations in OUR and CER

were observed for both strains (Figure 3). The oscillations stopped at

the time point where the most significant changes of the proteome

occurred, that is, after 100 hr of continuous cultivation with the re-

combinant strain and after 180 hr of cultivation with the wild‐type
strain. Synchronous oscillations in CER and OUR have previously

been reported for chemostat cultivations and are referred to as the

yeast metabolic cycle (YMC; Burnetti, Aydin, & Buchler, 2015). The

population synchrony of YMC is thought to arise from YMC‐to‐YMC

coupling across cells via secreted metabolites. The loss of population

synchrony that we observe might arise due to the single cells no

longer having an YMC oscillator or because the YMC oscillators in

the cells have lost their ability to entrain other YMC oscillators

(Burnetti et al., 2015). This loss might be a result of the observed

changes in the relative composition of the cellular proteome. Syn-

chronous oscillations have also previously been reported in batch

cultures upon diauxic shift to pure respiration on ethanol (Mochan &

Pye, 1973) and the oscillations may be a sign that metabolism

is transitioning into a new state. We speculate that the absence

of synchronous oscillations in the two‐compartment system could

be explained by the constant shifting between respiratory and

fermentative metabolism.

Similar to insulin production, acetate production in cultures

with the recombinant strain, was stable in the two‐compartment

system whereas it decreased over time in the single‐compartment

system, indicating metabolic adaptation (Figure 2c). The acetate

formation was not observed for the wild‐type strain and may

indicate an increased need for NADPH in the recombinant strain

due to insulin production. The acetate pathway in S. cerevisiae can

produce NADPH when excess NADPH is required and increased

NADPH supply has been shown to be beneficial for recombinant

protein production in Chinese hamster ovary and Pichia pastoris

(Grabowska & Chelstowska, 2003; Huang, Bao, Hallström,

Petranovic, & Nielsen, 2017). The decrease in acetate production

over time in the single‐compartment system might be explained

by the decrease in insulin production and thereby a decreased

need for NADPH.

Control cultivations in the two‐compartment system with the

feed in both reactors showed similar behavior as cultivations

in the single‐compartment system (Figures S13 and S14). These

results confirm that the overall observed differences in cellular

physiology between cultures in the two setups were caused by the

imposed feast–famine conditions and not by the two‐compartment

setup itself.

4.2 | Changes in composition of cellular proteome
under prolonged aerobic glucose‐limited conditions

Transcriptome and metabolome changes occurring over time in the

continuous culture of both the wild‐type strain and recombinant

strains in a single‐compartment system have been described in a

previous study (Seresht et al., 2013). In the current study, we in-

vestigated the changes at the protein level confirming that changes in

the cellular proteome occur for both the recombinant and wild‐type
strains and that the changes are larger and take place faster for the

recombinant strain (Figure 6). Overall, our proteomics data mirrors

the changes observed at the transcriptomic and metabolomics levels

in the previous study.

Most of the measured proteins, which were significantly changing

over time, were increasing in expression with cultivation time (Figure

S26). This includes proteins related to the protein synthesis machinery.

Upregulation of genes related to the ribosomal biogenesis has pre-

viously been reported for S. cerevisiae strains evolved during long‐term
chemostat cultivations (Wenger et al., 2011). A decrease over time in

many of the proteins involved in the central carbon metabolism, in-

cluding most of the glycolytic enzymes, enzymes in the citric acid cycle,

and the pentose phosphate pathway are in line with previous ob-

servations of S. cerevisiae subjected to prolonged chemostat cultivation

(Jansen et al., 2005; Mashego et al., 2005; Seresht et al., 2013; see

Figures S19–S26 for patterns of the individual enzymes).

The high‐affinity glucose transporters (HXT2 and HXT6)

were increasing over time in both strains cultivated in the single‐
compartment system to levels that were higher than the constant

levels observed in the two‐compartment system (Figures S19–S22).

This is in agreement with the affinity of the transporters and pre-

vious observations (Buziol et al., 2008; Mashego et al., 2005). The

intermediate‐affinity glucose transporter HXT5 was decreasing with

0.022 log2FC/hr for the recombinant strain and 0.01 log2FC/hr for

the wild‐type strain in the single‐compartment system.
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In a study by Seresht et al. (2013), moderate decreases in the

metabolite levels of amino acids were observed for the wild‐type
strain, whereas a transcriptional upregulation of the de novo amino

acid biosynthesis for the recombinant strain was reported. In this

study, we saw an enrichment of proteins related to the GO slim

process term Cellular amino acid metabolic process in the cluster of

proteins decreasing over time for the recombinant strain cultivated

in the single‐compartment system (Table 2). However, both sig-

nificant increases and decreases in the levels of proteins related to

the GO slim term were observed over time (Figure S26). Overall no

clear trend between upregulated and downregulated proteins in the

GO term Cellular amino acid metabolic process could be found and

the changes were not specific to certain amino acid pathways.

The protein encoded by the auxotrophic marker URA3 (Ura3p)

increased significantly over time in the recombinant strain cultivated

in the single‐compartment system (0.8 log2 fold change) together

with several other proteins involved in the de novo synthetic

pathway of uracil (two‐sided t test, q < 0.05; Table S4). The results

confirm previous observations at the transcriptional level (Seresht

et al., 2013). These changes were not observed for the wild‐type
strain cultivated in the single‐compartment system (Table S5) and

suggest that some of the changes in the cellular proteome compo-

sition observed over time for the recombinant strain could be related

to the applied auxotrophic markers. No significant changes in the

protein encoded by the other auxotrophic marker HIS3 were

observed (two sited t test, q < 0.05; Table S6 and S7).

Our results together with results from previous transcriptomic

and metabolomic studies indicate that yeast subjected to long‐term
continuous culture undergoes a reproducible transition in its cellular

state (Seresht et al., 2013). The novel findings in this current study

demonstrate that the transition can be completely avoided by the

application of feast–famine conditions in both wild‐type and re-

combinant strains. Yeast subjected to fluctuations in glucose avail-

ability under otherwise constant culture conditions exhibited more

F IGURE 5 Protein abundances of three glycolytic enzymes over time in the 0.5‐L single‐compartment system (open circles) and in the two‐
compartment system (filled squares) for three biological replicates of the recombinant strain and three biological replicates of the wild‐type
strain. The samples presented from the two‐compartment system were taken from Tank 1. The abundances are scaled so that the average
across all the samples for a particular protein is 100
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or less constant levels of measured proteins for over 250 hr. These

results indicate that feast famine conditions present in large‐scale
can be beneficial for prolonged continuous cultivations of S. cerevisiae

with respect to heterologous protein production, and can result in

constant relative composition of the cellular proteome over time.

There are only a few other examples in the literature where

glucose fluctuations lead to positive effects. These include a higher

“dough‐raising activity” of baker's yeast (George, Larsson, Olsson, &

Enfors, 1998), an increased sterol synthesis in S. cerevisiae

(Marbà‐Ardébol, Bockisch, Neubauer, & Junne, 2018) and an

increased viability in Escherichia coli (Hewitt, Nebe‐von Caron,

Axelsson, McFarlane, & Nienow, 2000).

4.3 | What drives changes in heterologous insulin
production?

The decrease in insulin production over time in the single‐
compartment system coincide with the observed changes in the re-

lative composition of the cellular proteome. At a constant dilution

rate the fraction of the proteins of the total biomass of the cell is

constant (Nilsson & Nielsen, 2016). As many of the protein levels

increase over time in the single‐compartment system, the decrease in

insulin production may be a necessary result of this increase due

to the overall finite proteome pool. Another reason for the reduced

insulin expression could be a decrease in the activity of the TPI1

promoter. The activity of TPI1 has previously been reported to

decrease over time in a chemostat (Seresht et al., 2013) and in the

present study a decrease in Tpi1p was observed (Figure 5c). In the

two‐compartment system, where insulin production was maintained

at a higher constant level, the measured abundances of Tpi1p

was constant over time. The Tpi1p level was also slightly higher

than observed in the single‐compartment system (Figure 5c). This

indicates that downregulation of the TPI1 promoter activity con-

tributes to the decline in the insulin production over time in the

single‐compartment system.

4.4 | What drives the transition in the
single‐compartment system and why is this
mechanism repressed by feast–famine conditions?

Previous research into yeast adaptation and physiology has identified

several different mechanisms that may be involved in the observed

physiological transition in the single‐compartment system. These

include energetic optimizations, unfolded protein response (UPR),

and cell aging. In this section, we link these mechanisms to our results

to formulate hypotheses for what drives the proteomic changes in

the single‐compartment system and why these mechanisms are re-

pressed by fluctuations in glucose availability (Figure 7).

F IGURE 6 Hierarchical clustering of

intracellular proteins measured during the
cultivation of the recombinant strain (a) and
the wild‐type strain (b) in both the 2‐ and 0.5‐L
single‐compartment system. The clustering is
performed using the Ward method with
Euclidean distance as a distance measure.

Y‐axis shows standardized protein abundances
[Color figure can be viewed at
wileyonlinelibrary.com]
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4.4.1 | Energetic optimization of metabolism

Protein synthesis is an energetically expensive process. Cultivating

the cells in a chemostat below the critical dilution rate could lead to

a glycolytic overcapacity within the cells. Glucose‐limited cultiva-

tion conditions might, therefore, prove a selective pressure on the

cells to economize on protein synthesis (Jansen et al., 2005). In the

two‐compartment setup, the cells experience very high glucose

uptake rates pointing to a higher flux through glycolysis compared

with the single‐compartment system. This suggests that an econo-

mization perspective drives the proteomic changes in the single‐
compartment system but not in the two‐compartment system, as

the cells have no glycolytic overcapacity in this system.

4.4.2 | UPR as a regulator of the cellular state

Seresht et al. (2013) suggested that misfolded insulin accumulates

in the endoplasmic reticulum (ER) in the recombinant strain during

prolonged chemostat cultivation resulting in a UPR, facilitating the

observed change in the cellular state. In this study, 37 proteins of

the upregulated UPR genes reported by Seresht et al. (2013) were

measured and 25 of these proteins were significantly increased

over time for the recombinant strain (two‐sided t test, q < 0.05;

Table S8). In comparison, 13 of the proteins were also increased

over time for the wild‐type strain indicating that the production of

recombinant insulin results in an additional burden on the cells

(Table S9). In general, an increase of proteins related to the GO

slim term protein folding were observed over time in both the re-

combinant and the wild‐type strain (Figure S26). In the two‐
compartment system, no significant changes over time in the pro-

teins related to protein folding and UPR response were observed

(two‐sided t test, q < 0.05). This indicates that the burden of the

insulin product is not the main cause for the proteome changes as

the production of insulin is actually higher in the two‐compartment

system.

4.4.3 | Cell aging mechanism

We speculate that the prolonged cultivation of cells in the

single‐compartment system for more than 250 hr (>36 generations)

resulted in a cellular response similar to the cell aging

mechanism.

TABLE 2 GO slim process terms, which based on Fischer's exact test are enriched by proteins in clusters of Figure 6 (q < 0.05)

Recombinant strain

Enriched GO terms in cluster 1
(decreasing proteins)

Enriched GO terms in cluster 3
(increasing proteins)

Enriched GO terms in cluster 4
(increasing proteins)

Monocarboxylic acid metabolic process Cytoplasmic translation Cytoskeleton organization

Carbohydrate metabolic process mRNA processing Ribosomal subunit export from the nucleus

Generation of precursor metabolites and energy Mitochondrial translation Nuclear transport

Cofactor metabolic process rRNA processing Mitotic cell cycle

Nucleobase containing small molecule metabolic process Ribosomal small subunit biogenesis RNA modification

Response to oxidative stress RNA splicing Nucleus organization

Cellular amino acid metabolic process Ribosome assembly tRNA processing

Lipid metabolic process Transcription from RNA polymerase III

promoter

Ribosomal large subunit biogenesis

Cellular respiration Ribosomal large subunit biogenesis

Wild‐type strain

Enriched GO terms in cluster 4 (decreasing proteins) Enriched GO terms in cluster 1 (increasing proteins)

Monocarboxylic acid metabolic process Cytoplasmic translation

Carbohydrate metabolic process mRNA processing

Generation of precursor metabolites and energy Mitochondrial translation

Cofactor metabolic process Cytoskeleton organization

Nucleobase containing small molecule metabolic process Mitochondrion organization

Protein complex biogenesis

Transcription from RNA polymerase II promoter

Note: The GO process terms are collected from SGD Project (2019, July 17).

Abbreviations: GO, Gene Ontology; mRNA, messenger RNA; rRNA, ribosomal RNA; tRNA, transfer RNA.
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TABLE 3 Transcription factors (TFs) significantly regulating more than 50% of the downregulated proteins (Cluster 1; Figure 6) and 20%
of the upregulated proteins (cluster 3 + 4; Figure 6) in the recombinant strain (Fischer's exact test, q < 0.05)

Enriched TFs in cluster 1
(decreasing proteins) Description of TF function

Sfp1p* Regulates transcription of ribosomal protein and biogenesis genes

Ace2p Transcription factor required for septum destruction after cytokinesis

Yap1p* Basic leucine zipper (bZIP) transcription factor; required for oxidative stress tolerance

Msn2p* Stress‐responsive transcriptional activator

Bas1p* Myb‐related transcription factor

Gcn4p* bZIP transcriptional activator of amino acid biosynthetic genes

Ste12p Transcription factor that is activated by a MAPK signaling cascade

Sok2p* Nuclear protein that negatively regulates pseudohyphal differentiation

Msn4p* Stress‐responsive transcriptional activator; involved in diauxic shift

Cst6p* Basic leucine zipper (bZIP) transcription factor from ATF/CREB family involved in stress‐responsive regulatory network

Ash1p Component of the Rpd3L histone deacetylase complex

Rap1p Essential DNA‐binding transcription regulator that binds many loci

Swi5p* Transcription factor that recruits Mediator and Swi/Snf complexes

Abf1p DNA‐binding protein with possible chromatin‐reorganizing activity

Rpn4p* Transcription factor that stimulates expression of proteasome genes

Fkh1p Forkhead family transcription factor

Hsf1p* Trimeric heat shock transcription factor; activates multiple genes in response to highly diverse stresses

Tec1p Transcription factor targeting filamentation genes and Ty1 expression. Positive regulator of chronological life span

Enriched TFs in cluster
3 + 4 (increasing proteins) Description of TF function

Sds3p* Component of the Rpd3L histone deacetylase complex

Gal11p Subunit of the RNA polymerase II mediator complex

Thi2p* Transcriptional activator of thiamine biosynthetic genes

Esc2p* Prevents accumulation of toxic intermediates during replication‐associated recombinational repair

Dal82p Positive regulator of allophanate inducible genes

Tye7p* Binds E‐boxes of glycolytic genes and contributes to their activation

Isw2p ATP‐dependent DNA translocase involved in chromatin remodeling

Pip2p* Autoregulatory, oleate‐activated transcription factor

Gal4p DNA‐binding transcription factor required for activating GAL genes

Cup9p* Regulates expression of PTR2, which encodes a major peptide transporter. Protein abundances increase in response to

DNA replication stress

Hap2p Subunit of the Hap2p/3p/4p/5p CCAAT‐binding complex

Spt4p Spt4p/5p (DSIF) transcription elongation factor complex subunit

Sir2p Conserved NAD+dependent histone deacetylase of the Sirtuin family. Involved in regulation of lifespan

Taf14p* Subunit of TFIID, TFIIF, INO80, SWI/SNF, and NuA3 complexes; involved in RNA polymerase II transcription initiation

and in chromatin modification

Hms1p bHLH protein with similarity to myc‐family transcription factors

Fhl1p Regulator of ribosomal protein (RP) transcription

Gcr1p Transcriptional activator of genes involved in glycolysis

Rif1p Protein that binds to the Rap1p C‐terminus; acts to help control telomere length and establish telomeric silencing

Note: The transcription factors also found to regulate the upregulated (Cluster 1; Figure 6) and downregulated (Cluster 4; Figure 6) clusters in the

wild‐type strain are marked with a star (*). The description of the TF function are based on SGD Project (2019, July 17).
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One hallmark of the cell aging mechanism is mitochondrial dys-

function and reactive oxygen species (ROS) generation due to in-

creased electron leakage. The purely oxidative metabolism in the

single‐compartment system is likely to result in the formation of ROS

(Temple, Perrone, & Dawes, 2005). Moreover, the observed increase

in CER and OUR (Figure 3) could be a sign of mitochondrial

dysfunction, as an increased electron leak would result in higher

respiration to generate the necessary energy (Dejean et al., 2002).

Another hallmark of the aging mechanism is increased stress re-

sponses (Janssens & Veenhoff, 2016). In the single‐compartment

system several of the transcription factors regulating proteins in the

downregulated clusters of both strains are related to stress (e.g.

Yap1, Msn2p, Msn4p, Cts6p, and Hsf1p; Table 3). Yap1p itself was

increased during cultivation in the single‐compartment system with

the recombinant strain (Figure S25). Epigenetic alterations are also a

sign of cell aging and in this study, we observed an increased level of

several proteins related to the GO slim process term histone modifiers

(Figure S26). Furthermore, the transcription factors Sir2p, Taf14p,

and Isw2p, which are involved in chromatin modifications, were all

found to significantly regulate proteins in the upregulated clusters of

the recombinant strain (Table 3). Decreased glycolytic and increased

gluconeogenetic activities have also been related to aging (Lin,

Manchester, & Gordon, 2001; Reverter‐Branchat, Cabiscol, Tamarit,

& Ros, 2004). We observed a decrease in both glycolytic and gluco-

neogenetic enzymes over time for the two strains (Figures S17–S20).

Intermittent fasting and reduction of calorie intake in general has

been shown to increase healthy lifespan, extend longevity, and

reduce oxidative stress in many organisms including S. cerevisiae

(Fontana & Partridge, 2015; Longo &Mattson, 2014; Maslanka & Zadrag‐
Tecza, 2019). The cells experience the imposed fluctuations in glucose

availability in our two‐compartment system as intermittent fasting. The

absence of changes in the cellular proteome related to cellular aging in

the two‐compartment system is thus in line with these results.

ROS formation and oxidative stress are linked to the production

of heterologous proteins (Martínez, Meza, Petranovic, & Nielsen,

2016). This indicates that the recombinant strain may generate ROS

not only due to the nature of single‐compartment system but also

due to the burden of the insulin product. This additional stress re-

lated to insulin production could explain the amplified proteomic

changes in the recombinant strain compared with the wild‐type
strain. However, the stress response was not observed in the two‐
compartment system where higher production of recombinant

protein was observed. This suggests that the feast–famine conditions

reduce oxidative stress generated due to the heterologous insulin

production and as part of the potential cell aging mechanism.

Mutations have previously been found in strains evolved under

long‐term chemostat conditions (Wenger et al., 2011). However, we

find it unlikely that mutations can explain the phenomena observed

in this study due to the highly reproducible time scales of the ob-

served physiological and proteomic changes in replicate cultivations.

It is also not clear how fluctuations in glucose availability in the two‐
compartment level would prevent mutations as the dilution rate

and numbers of generations were the same between the systems.

To follow‐up on the hypothesis that the aging mechanism might be

responsible for the observed phenotypes in this study, one could measure

ROS generation and cell distribution in terms of the number of bud scars

or cell size as a function of cultivation time. The oxidative stress level in

the cultures could also be increased by addition of, for example, hydrogen

peroxide to see whether this accelerates or enhances the physiological

and proteomic changes in the single‐compartment system.

5 | CONCLUSIONS

The results presented in this study show that feast–famine condi-

tions in large‐scale production reactors can be beneficial for het-

erologous protein production by counterintuitively keeping the

cell population in a constant physiological and proteomic state. We

speculate that the stabilizing effect of a feast–famine conditions

observed for the two S. cerevisiae strains in the carbon‐limited

chemostat may be transferable to other microorganisms and

other continuous operation modes such as nitrogen‐ or phosphate‐
limited cultures. Moreover, the results suggest that scale‐down sys-

tems could not only be applied for the purpose of production

scale‐up/scale‐down but could also be applied in functional genomics

research and when host cell physiology is studied to avoid the effects

of the artificial constant selection pressure in a chemostat.
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47 

 Are genetic mutations involved in the 

phenotypic adaptation in the single-compartment 

system? 

This chapter represents a short study where we evaluate whether the phenotypic adaptation in the 

single-compartment system described in Chapter 3 can be linked to genetic mutations. The manuscript 

is currently not intended for publication in a scientific journal. The chapter is authored by: Naia Risager 

Wright, Christopher T. Workman, Nanna Petersen Rønnest and Nikolaus Sonnenschein. 
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4.1 Abstract 

In Chapter 3, we described how both a Saccharomyces cerevisiae recombinant strain (C.U17) and wild-

type strain (CEN.PK-113-7D) exposed to long-term chemostat conditions undergo a global and 

reproducible phenotypic adaptation over time.  

Several studies have coupled phenotypic adaptation in chemostats to genetic mutations (Brown et al., 

1998; Dunham et al., 2002; Hope et al., 2017). In this study, we apply whole genome sequencing 

analysis together with fitness approximations in order to evaluate whether the changes in protein 

abundances described in Chapter 3 can be coupled to genetic mutations. 

We conclude that genetic changes do not appear to cause the major phenotypic outcome of the 

chemostat cultivations.   

4.2 Introduction 

In Chapter 3, we described how both a Saccharomyces cerevisiae recombinant strain (C.U17) and wild-

type strain (CEN.PK-113-7D) exposed to long-term chemostat conditions in the single-compartment 

system undergo a global and reproducible phenotypic adaptation over time. The study did not, 

however, elucidate the underlying molecular mechanisms leading to the global shift. This chapter 

presents a short study which aims to evaluate whether the observed adaptation described in Chapter 

3 can be linked to specific mutations. This is done by investigating the genetic alterations of the 

recombinant C.U17 strain and the wild-type CEN.PK-113-7D strain, which were both cultured for 

approximately 30 generations under glucose-limited chemostat conditions. 

The growth of cells in a chemostat is constrained by a single growth-limiting nutrient, meaning that 

the cells are continuously kept in a nutrient-limited, ‘hungry’ state (Gresham and Hong, 2015). These 

conditions impose a selective pressure on the cells, where cells that are better adapted to a nutrient-

limited environment may outcompete the other cells. However, cells are also continuously removed 

from the reactor regardless of their genotype. At a dilution rate of 0.1 h-1, 10 % of the reactor volume 

are exchanged each hour (Gresham and Hong, 2015). 
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The specific growth rate of a cell (µ) can be described by the classical Monod equation (Monod, 1943): 

 

 
𝜇 =

𝜇𝑚𝑎𝑥𝑆

𝐾𝑀 + 𝑆
 

(4.1) 

 

Where S is the concentration of the limiting nutrient, and 𝐾𝑀 is the Michaelis-Menten saturation 

constant corresponding to the substrate concentration at half-maximum specific growth rate. 𝜇𝑚𝑎𝑥 is 

the maximum growth rate of the cell. As described by Gresham and Hong (2015) this means that a cell 

in a chemostat can increase its fitness by either increasing 𝜇𝑚𝑎𝑥 or decreasing 𝐾𝑀. One way to obtain 

these improvements is by evolution and a number of studies have used the chemostat setup for 

adaptive laboratory evolution experiments (Sandberg et al., 2019). 

A quantitative measure for the difference in growth advantage between two competing cell 

populations in a chemostat is the fitness coefficient (𝜔). Based on Monod equations, the selection 

coefficient (s), which is a measure of the differential growth rate per unit time between competing 

strains in a chemostat, can be estimated from (Dykhuizen and Hartl, 1983): 

 

 
𝑙𝑛

𝑥𝐴(𝑡)

𝑥𝐵(𝑡)
= 𝑙𝑛

𝑥𝐴(0)

𝑥𝐵(0)
+ 𝑠 ∙ 𝑡 

(4.2) 

 

Where 𝑥𝐴(𝑡) and 𝑥𝐵(𝑡) are the relative proportion of two competing strains (genotype A and 

genotype B) at time t. Selecting genotype A as reference, the relative fitness (𝜔),  of two competing 

strains can be defined as: 

 

 𝜔𝐴 = 1;    𝜔𝐵 = 1 + 𝑠 (4.3) 

 

In this study, we apply whole genome sequencing analysis (WGS) together with fitness approximations 

in order to evaluate whether the observed changes in protein abundances described in Chapter 3 can 

be attributed to genetic mutations. 
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4.3 Materials and Methods 

4.3.1 Cultivation samples and clone isolation 

Colonies were streaked out from glycerol stocks of the ancestral strains C.U17 and CEN.PK-113-7D and 

of the strains cultured for 30 generations in a glucose-limited chemostat as previously described in 

Chapter 3. One colony of each strain and three colonies from each subculture were randomly selected, 

incubated into liquid culture (the minimal medium described in Chapter 3) and grown overnight at 

30°C (See Table 4.1 for overview of the colonies sequenced in this study). Genomic DNA from each 

clone was extracted by application of QIAamp DNA Blood Mini Kit (Figure 4.1). 

 

Table 4.1: Overview of the eight colonies sequenced in this study. 

Colony Strain Number of generations of chemostat growth 

Colony 1 C.U17 30 

Colony 2 C.U17 30 

Colony 3 C.U17 30 

Reference colony C.U17 0 

Colony 1 CEN.PK-113-7D 30 

Colony 2 CEN.PK-113-7D 30 

Colony 3 CEN.PK-113-7D 30 

Reference colony CEN.PK-113-7D 0 
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Figure 4.1: Schematic overview of the experimental workflow. The C.U17 and CEN.PK-113-7D strains were cultured in glucose-
limited chemostats. After approximately 30 generations a sample from the cultivation broth was withdrawn and stored as 
glycerol stock. Isolates from the glycerol stock were grown on plates. Three of the colonies were cultured in liquid culture from 
which DNA was extracted for WGS analysis. 

4.3.2 Whole genome sequencing analysis 

WGS was performed by the Next-generation Sequencing Lab at the Novo Nordisk Foundation Center 

for Biosustainability. Genomic DNA libraries were prepared for Illumina sequencing using a KAPA 

HyperPlus Library Prep Kit (ROCHE). The genomic DNA was fragmented followed by end repair and 

adenylation. For adaptor ligation, the eight basepair (bp) Illumina compatible Dual Indexed 

PentAdapters (PentaBase) kit was used. The adaptor ligation was followed by a magnetic bead clean-

up and double-sided size selection. Eleven PCR amplification cycles were used for library amplification. 

The PCR amplification was followed by another magnetic bead clean-up. Quality control of the 

prepared libraries was performed using the DNF-473 Standard Sensitivity NGS Fragment Analysis Kit 

(1 – 6,000 bp) on the 5,300 Fragment Analyzer (Agilent). The average library length was 462 bp. The 

prepared genomic DNA libraries were sequenced using 150 base paired-end reads on Illumina NextSeq 

500 with the sequencing kit: Illumina NextSeq Mid Output v2 kit (300 cycles). For in-line control, 2.5 

% PhiX was added. The mean sequence coverage of the nuclear genome of C.U17 and evolved colonies 

ranged from 48.6 - 61.6x, whereas coverage ranged from 55.2-70.3x for the CEN.PK-113-7D strain.  

Raw data were trimmed for quality using the Trimmomatic tool (version 0.36), (Bolger et al., 2014), 

with the following settings: ILLUMINACLIP: illumine_apapters: 2:30:10, MINLEN: 25, 

SLIDINGWINDOW: 4:20. The trimmed reads were aligned against the genome sequence of CEN.PK-
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113-7D (bioproject accession: PRJNA398797), (Jenjaroenpun et al., 2018). The recombinant plasmid 

of the C.U17 strain was not included in the alignment. The reference genome sequence was annotated 

prior to analysis based on the reference genome of S. cerevisiae S288c 

(GCF_000146045.2_R64_genomic), (Foury et al., 1998). The annotation was performed using a script 

similar to a previous study (Kent et al., 2002). Coding sequences containing frameshift and internal 

stop codons were removed.  

For variant calling, Breseq version 0.35.0 (Deatherage and Barrick, 2014) was applied using Bowtie 

version 2.3.5 as aligner with the following settings: Mode: Consensus/Mixed Base, Ploidy: 1 (haploid), 

consensus mutation E-value cutoff: 10, Consensus frequency cutoff: 0.8, consensus minimum variant 

coverage each strand: 5. Additional filtering was performed to remove all variants identified for the 

ancestral strains including mutations in the URA3 gene.  

4.4 Results 

4.4.1 Whole genome sequencing 

WGS was performed on three sub-cultured colonies from the two strains, C.U17 (recombinant strain) 

and CEN.PK-113-7D (wild-type strain), (Table 4.1). The colonies were cultured for 30 generations 

under glucose-limited chemostat conditions. The initial variant calling resulted in 308 different called 

variants in the C.U17 strains and 286 variants in the CEN.PK-113-7D strains. All variant calls were 

grouped into different mutation types: Amplification (AMP), deletion (DEL), insertion (INS), single-

nucleotide polymorphism (SNP), substitution (SUB) and large deletions with missing coverage possibly 

including entire genes (MCDEL). We filtered the data further and only looked at mutated genes and 

mutated promoter regions (Figure 4.2). Here we defined the promoter region as 500 bp upstream of 

the start codon. Mutations occurring in the promoter region of two genes were annotated to the 

nearest gene.  
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Figure 4.2: Number of mutated promoter regions (promoter) and genes (genetic) for three  colonies of CEN.PK-113-7D (A) and 
C.U17 (B) cultured in glucose-limited chemostats for 30 generations.  

 

Six mutations in genes were found in the sequenced colonies but none of the mutations was consistent 

across colonies (Table 4.2).   

In Chapter 3, we described how many of the proteins changing over time were similar between the 

wild-type and the recombinant strain but that the abundance changes were larger in magnitude and 

occurred faster for the recombinant strain. To search for adaptive alleles, we filtered the data further 

and looked only at mutations occurring in two or more colonies across the two strains (Table 4.3). This 

resulted in 14 promoter region mutations. All 14 mutations were insertions of one or more base pairs 

in small one nucleotide repeat regions.  
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Table 4.2: Overview of mutated genes observed in the sequenced colonies. SNP: single-nucleotide polymorphism.  

Gene Mutation  
type 

Proportion 
of CEN.PK-
113-7D 
colonies 
with 
mutation 

Proportion 
of C.U17 
colonies 
with 
mutation 

Total 
proportion 
of colonies 
with 
mutation 

Gene function Alignment 
frequency  
[%] 

HSP104 Genic 
nonsynonymous 
SNP1),  A628G,  
C->G  

0/3 1/3 1/6 Heat shock 
protein 

100 

CAR2 Genic 
nonsynonymous 
SNP1), G185C,  
G->T  

0/3 1/3 1/6 L-ornithine 
transaminase 
(OTAse); 
catalyzes the 
second step of 
arginine 
degradation 

97.0 

ARR1 Genic 
nonsynonymous 
missense SNP1), 

E206*,  
C->A  

0/3 1/3 1/6 Transcriptional 
activator of the 
basic leucine 
zipper (bZIP) 
family 

100 

MIT1 Coding SNP2) 
(1085/2001 nt), -
>TAA 
Premature stop 
introduced 

0/3 1/3 1/6 Transcriptional 
regulator of 
pseudohyphal 
growth 

93.8 

VRG4 Synonymous 
SNP1), S282S,  
G->A 
 

0/3 1/3 1/6 Golgi GDP-
mannose 
transporter 

98.3 

NIS1 Synonymous 
SNP1), L325L  
G->T 

0/3 1/3 1/6 Protein involved 
in axial bud site 
selection 

97.8 

1) Example of annotation: HSP104, A628G, C->G means a single base substitution where the mutation changes an A to a G in the 628th 
codon of HSP104 causing an alanine (A) to glucine (G) substitution.*: missense. 
2) Insertion of TAA inside MIT1. The mutation occurs after the 1085th base of the 2001-base open reading frame of the gene. 
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Table 4.3: Overview of mutations occuring in more than two of the sequenced colonies. INS: Insertion. 

Gene Mutation  
type 

Proportion 
of CEN.PK-
113-7D 
colonies 
with 
mutation 

Proportion 
of C.U17 
colonies 
with 
mutation 

Total 
proportion 
of colonies 
with 
mutation 

Gene function Alignment 
frequency 
[%] 

CKS1/MEC1 Same 1bp INS 
in promoter 
region1)  
(+119/-242) 

3/3 2/3 5/6 PI kinase 
superfamily 
member. Mec1p 
regulates telomere 
length 

83.3, 81.8,  
90.9, 88.4, 
92.3  

INM1/AAP1 Same 1bp INS 
in promoter 
region1)  
(-201/+252) 

1/3 2/3 3/6 Inositol 
monophosphatase 

83.0, 81.4, 
81.1 

PUT1/ 
tD(GUC)L1 

Same 1bp INS 
in promoter 
region1) 

(+43/-469) 

2/3 0/3 2/6 Aspartate tRNA 94.0, 86.5 

STE12/IPI1 Same 1bp INS 
in promoter 
region1) 

(+207/-316) 

2/3 2/3 4/6 Component of the 
Rix1 complex which 
is involved in late 
pre-rRNA 
processing step 

81.2, 80.0, 
80.8, 83.0  

RCE1/BUL1 Same 1bp INS 
in promoter 
region1) 

(-181/+158) 

1/3 1/3 2/6 Type II CAAX prenyl 
protease 

92.0, 82.0 

AZF1/ 
YOR114W 

Same 1bp INS 
in promoter 
region1) 

(+453/-296) 

1/3 1/3 2/6 Putative 
mitochondrial 
protein of unknown 
function 

80.6, 83.8 

MAK16/ 
LTE1 

Same 6 bp INS 
in promoter 
region1) 

(-157/+260) 

2/3 0/3 2/6 Ribosome 
biosynthesis 
protein 

96.1, 92.9 

URA7/ 
MRPL16 

Same 3 bp INS 
in promoter 
region1) 

(-198/-257) 

2/3 0/3 2/6 Major CTP synthase 
isozyme 

90.0, 89.8 
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Table 4.3: Overview of mutations occuring in more than two of the sequenced colonies. INS: Insertion. (Continued). 

Gene Mutation  
type 

Proportion 
of CEN.PK-
113-7D 
colonies 
with 
mutation 

Proportion 
of C.U17 
colonies 
with 
mutation 

Total 
proportion 
of colonies 
with 
mutation 

Gene function Alignment 
frequency 
[%] 

RPL7A/ 
MPS2 

Same 1 bp INS 
in promoter 
region 
(-202/+725) 

0/3 3/3 3/6 Ribosomal 60S 
subunit protein L7A 

84.4, 84.7, 
81.4 
 

MAM3/ 
GPD2 

Same 5 bp INS 
in promoter 
region1) 

(-774/-210) 

0/3 2/3 2/6 NAD-dependent 
glycerol 3-
phosphate 
dehydrogenase 

93.6, 80.0 

CCA1/RPH1 Same 3 bp INS 
in promoter 
region1) 

(-315/-383) 

2/3 0/3 2/6 tRNA-specific tRNA 
nucleotidyltransfer-
ase 

86.5, 84.0 

TOS3/MPT5 Same 4 bp INS 
in promoter 
region1) 

(-2174/-83) 

2/3 0/3 2/6 mRNA-binding 
protein of the PUF 
family.  

98.0, 90.8 

SIP4/ARG3 Same 5 bp INS 
in promoter 
region1) 

(+344/-35) 

2/3 0/3 2/6 Ornithine 
carbamoyltransfer-
ase 

98.6, 99.2 

tA(AGC)K2/
YKR041W 

Same 1 bp INS 
in promoter 
region1) 

(+23/-106) 

2/3 0/3 2/6 Protein of unknown 
function 

87.5, 86.7 

1) Example of annotation: CKS1/MEC1, same 1bp INS (+119/-242) means intergenic mutation of 1 bp in small one nucleotide repeat region 
of identical bases. The insertion is located 242 nucleoties downstream of MEC1 and 119 nucleotides upstream of CKS1. 
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4.4.2 Fitness approximation 

Studies coupling adaptation in chemostats to genetic mutations are normally performed for hundreds 

of generations (Brown et al., 1998; Dunham et al., 2002; Hope et al., 2017; Wenger et al., 2011). 

However, the reproducible adaptation observed in Chapter 3 occurred in less than 30 generations. To 

evaluate the likelihood of genetic mutations being the cause of the observed adaptation, we 

estimated the generation time it would take a given mutation to reach relative frequencies of 5 %, 46 

% and 90 % in the chemostat (Figure 4.3).  

 

Figure 4.3: Estimated number of generations as function of relative fitness (ω) of a beneficial mutation to reach a given allele 

frequency (5%, 46 % or 90%). Calculated based on equation 4.2 and 4.3 with  
𝑥𝐴(0)

𝑥𝐵(0)
 equal to 10-10 as there were approximately 

1010 cells in the chemostat cultivations performed in Chapter 3. 

4.5 Discussion and conclusion 

In this study, we analysed genetic adaptation in chemostats with WGS analysis in order to understand 

the mechanisms behind the phenotypic changes observed in response to glucose-limited conditions 

(Chapter 3). It should be noted that the observed mutations could potentially have happened in the 

batch cultures carried out to get material for the genome sequencing (Figure 4.1).    

Most of the observed variant calls were located in intergenic regions. We located 14 genetic mutations 

in promoter regions, which occurred in at least two out of six analysed clones (Table 4.3). All of these 
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mutations were insertions of one or more base pairs in small one nucleotide repeat regions of identical 

bases. Therefore, we expect the impact of these mutations to be low. It is notable that six of the 

mutations occurred in promoter regions related to genes involved in the protein synthesis machinery 

(tD(GUC)L1, IPI1, MAK16, RPL7A, CCA1, MPT5). We observed a general increase in the abundance of 

proteins involved in protein synthesis during chemostat growth (Chapter 3). Although there are some 

similarity between proteomics changes and genes with mutations in promoter regions, the mutations 

only overlap with a small fraction of the observed changes in proteome abundances. 

We only found six mutations located in gene sequences and none of these mutations were shared 

between the analysed clones (Table 4.2). One of the mutations occurred in the gene HSP104, which 

encodes the heat shock protein Hsp104p. A decrease in heat shock proteins together with other stress 

related proteins was one of the phenotypic characteristics observed in our previous study (Chapter 3). 

An insertion of a stop codon in the MIT1 open reading frame was found in one of the analysed clones. 

MIT1 is a translational regulator of pseudohyphal growth and null mutants of MIT1 exhibit reduced 

pseudohyphal growth (Cain et al., 2012). If the stop codon in the MIT1 gene resulted in a null allele, 

we would expect to see a non-pseudohyphal growing phenotype of this particular clone. However, we 

saw a general increase in pseudohyphal growth over time in the glucose-limited chemostat. This is 

further described in Chapter 6. 

The phenotypic adaptation depicted in Chapter 3 was highly reproducible and included a decrease in 

the abundance of many proteins involved in the central carbon metabolism. In Chapter 6, we show 

how a subpopulation composing 46 % of the total population in the end of the chemostat cultivations 

with the recombinant strain has reduced levels of proteins involved in the central carbon metabolism. 

The experimental setup applied in this study entails that the likelihood of minimum one out of six of 

the sequenced colonies having a specific mutation would be 98 % if the allele frequency of the given 

mutation in the population was 46 % (calculated based on a binomial distribution). The probability of 

two or more of the six sequenced colonies having the mutation would be 85 %. Thus, if the phenotypic 

adaptation was due to genetic mutations, we would expect more reproducible mutations across the 

analysed strains than observed in this study.     

The cultivations described in Chapter 3 are performed for approximately 30 generations of chemostat 

growth (Wright et al., 2020). Thus, potential genetic mutations should be visible in high frequency at 

this time point. There were approximately 1010 cells in the chemostat experiments performed in this 

study. If a beneficial mutation introduced at the beginning of the chemostat cultivation at time zero 

should rise to 46 % in the population within 30 generations, a relative fitness of 76 % per generation 

is required (Figure 4.3). This is significantly higher compared to previous findings in literature. Gresham 
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et al., (2008) found mutations with selective growth advantages of up to 13 % in S. cerevisiae isolates 

grown under glucose-limited conditions for more than 200 generations. This suggests that the 

observed shift in phenotype during the chemostat cultivations described in Chapter 3 is not solely 

caused by genetic mutations.   

Based on the sequencing results and the calculated fitness, the observed genetic changes do not 

appear to cause the major phenotypic outcome of the chemostat cultivations described in Chapter 3. 

We found a few cases where the mutations overlapped with changing protein abundances. However, 

as the phenotypic changes seem to be related to a global, reproducible phenotypic response and since 

the mutations were not shared between all the analysed clones, we conclude that the mutations are 

most likely random nonadaptive mutations. Recently, Klim et al., (2020) also provided evidence that 

gradual changes in gene expression as an adaptation to non-selective continuous culture conditions 

were not a consequence of adaptive mutations. 
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There is a growing interest in continuous manufacturing within the bioprocessing

community. In this context, the chemostat process is an important unit operation.

The current application of chemostat processes in industry is limited although many

high yielding processes are reported in literature. In order to reach the full potential

of the chemostat in continuous manufacture, the output should be constant. However,

adaptation is often observed resulting in changed productivities over time. The observed

adaptation can be coupled to the selective pressure of the nutrient-limited environment

in the chemostat. We argue that population heterogeneity should be taken into account

when studying adaptation in the chemostat. We propose to investigate adaptation at

the single-cell level and discuss the potential of different single-cell technologies, which

could be used to increase the understanding of the phenomena. Currently, none of

the discussed single-cell technologies fulfill all our criteria but in combination they may

reveal important information, which can be used to understand and potentially control

the adaptation.

Keywords: chemostat cultivation, continuous biomanufacturing, adaptation, population heterogeneity, microbes,

single-cell technologies

INTRODUCTION

Today, production of biological products is primarily based on batch operations where each unit
operation is completed in sequence. The transition from these constitutive batch processes to
continuous manufacture in which the product moves directly from one unit operation to the
next, has been of growing interest within the bioprocessing community in recent years (Farid,
2019). Several benefits of moving to continuous processes can be listed due to the possibility
of keeping production organisms in high producing states for longer time. These include a
reduction in equipment costs, increased productivity, greater flexibility, and improved product
quality (Zydney, 2016).

Continuous cell culture technologies have existed for several decades and include among others
chemostat processes (Monod, 1950; Novick and Szilard, 1950). In a chemostat, the cells in the
bioreactor are kept in a steady-state growth environment by a continuous addition of medium with
one or more cell-density-limiting nutrients and simultaneous removal of spent culture medium
at a defined rate (Peebo and Neubauer, 2018). Ideally, the chemostat should operate at a true
steady state with a constant productivity. Although, the chemostat establishes a well-controlled and
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constant environment for production processes, it imposes
selective pressure on cells, which may result in cellular
adaptation. These alterations can affect productivity and
the output of the cultivation. It is therefore important to
understand the mechanisms behind the adaptation in order to
control them and realize the full potential of chemostats in
industrial production.

This article focuses on chemostat cultivations of microbes, the
reported adaptation, and discuss how development of continuous
biomanufacturing and chemostat processes can benefit from
single-cell technologies.

ADAPTATION IN THE CHEMOSTAT

The chemostat imposes a steady nutrient limited environment
forcing cells to grow at a constant growth rate. These conditions
result in an ongoing selective pressure driving the adaptation
of cells with growth advantages. Cells which are not able to
adapt will be washed out. Adaptive processes in chemostats are
illustrated in several studies for many different microorganisms
at both the RNA, protein, metabolite, and morphological level
(Adams et al., 1985; Ferea et al., 1999; Wick et al., 2001; Robin
et al., 2003; Jansen et al., 2004, 2005; Mashego et al., 2005;
Franchini and Egli, 2006; Wu et al., 2006; Douma et al., 2011;
Paulová et al., 2012; Wang et al., 2018). The adaptation covers
the differential expression of thousands of genes and proteins, but
some general trends, which confer fitness in a nutrient limited
environment, can be extracted (Figure 1A). This includes an
improved affinity for the limiting substrate (Wick et al., 2001;
Jansen et al., 2005). Any adaptation which increases the specific
growth rate under low external concentrations of the limiting
nutrient will improve the competitiveness of the cell compared
to non-adapted cells (Jansen et al., 2005). Moreover, decreased
(over)capacity of the main carbon metabolism including the
glycolysis and TCA cycle is observed and has been suggested
as a way to get an energetical advantage (Mashego et al., 2005).
Cellular stress-responses are in many cases also differentially
expressed between early and late cultivation stages including
proteins involved in heat shock, oxidative stress, and damage
resistance (Jansen et al., 2005; Franchini and Egli, 2006; Wright
et al., 2020). Morphological changes toward filamentous and
pseudo-hyphal growth are known effects of chemostat growth
(Brown and Hough, 1965; Adams et al., 1985; Rebnegger et al.,
2014; Rai et al., 2019) and also a known adaptive response
to nutrient poor environments (Gimeno et al., 1992). The
productivity of industrially relevant strains often decreases over
time during chemostat growth (Douma et al., 2011; Paulová
et al., 2012; Kazemi Seresht et al., 2013; Wright et al., 2016,
2020). A reduced productivity can be construed as a clear growth
advantage over cells that are not able to reduce the burden of
heterologous production.

Stochastic, regulatory, epigenetic, and mutational changes
can contribute to increased fitness and adaptation is therefore
a comprehensive process (Ryall et al., 2012). The underlying
functional mechanisms of the adaptive processes in chemostats
often remain unknown but many studies couple changed

phenotypes to specific genetic mutations (Brown et al., 1998;
Dunham et al., 2002; Wenger et al., 2011; Kvitek and Sherlock,
2013; Gresham and Hong, 2015; Hope et al., 2017). Hope
et al. (2017) related morphological changes in S. cerevisiae
after hundreds of generations to genetic mutations in known
flocculation genes such as the cell wall protein FLO1. Clones
with mutations in nutrient signaling and regulation of glucose
transport have also been isolated from S. cerevisiae evolved
for more than 200 generations in glucose-limited conditions
(Wenger et al., 2011). This illustrates that some of the observed
adaptive phenomena can be related to genetic alterations.
Whether and when a given mutation will dominate a culture
depends on the relative fitness of the mutant compared to
other clones in the population (Gresham and Hong, 2015). For
industrial strains, studies report reproducible adaptive changes
in transcriptome, proteome, and heterologous product already
after 22 generations of chemostat growth (Douma et al., 2011;
Kazemi Seresht et al., 2013; Wright et al., 2020). The observed
changes cannot always be coupled to genetic instability (Douma
et al., 2011) and may therefore be related to other adaptive
mechanisms, e.g., epigenetics.

Population heterogeneity is a cellular response to nutrient
limitation and is reported for chemostat growth (Lieder et al.,
2014; Kopf et al., 2015; Schreiber et al., 2016). Here we refer to
population heterogeneity as the phenotypic diversity occurring
between genetically identical individuals (Davis and Isberg,
2016). Nikolic et al. (2017) showed cell-to-cell variations in
gene expression and substrate specialization for E. coli growing
simultaneously on glucose and arabinose under chemostat
conditions. Population heterogeneity with respect to growth and
cell robustness was observed in glucose-limited chemostats of
both S. cerevisiae, E. coli, and P. putida (Carlquist et al., 2012;
Heins et al., 2019; Sassi et al., 2019) and also Arthrobacter
evolves subpopulations with respect to nucleic acid content
and metabolic activity (Kundu et al., 2020). The subpopulation
ratios reported, strongly depend on the cultured strains, the
cultivation conditions and the parameters analyzed. Ratios up
to 1:2 between non-growing and growing subpopulations are
reported (Kundu et al., 2020).

When bioprocesses are scaled up to manufacturing scale, the
cells will often be exposed to a heterogeneous environment,
for example, gradients in substrate and oxygen (Oosterhuis and
Kossen, 1984; Larsson and Enfors, 1988). Fluctuations in the
extracellular environment affect metabolism including product
yield and by-product formation (George et al., 1993, 1998;
Neubauer et al., 1995; Bylund et al., 1998, 1999, 2000; Lin and
Neubauer, 2000; Enfors et al., 2001; Sandoval-Basurto et al.,
2005). The gradients can also influence population heterogeneity.
Differences in transcription levels between cells located in
different zones of reactors have been found (Schweder et al.,
1999; Lara et al., 2006). Schweder et al. (1999) measured different
mRNA levels of stress genes between cells taken from the top and
bottom of a production reactor. Nonetheless, other studies have
shown that the heterogeneous environment can also result in a
more homogeneous population for example when measured by
viability and membrane damage (Hewitt et al., 2000, 2007; Han
et al., 2013; Brognaux et al., 2014).
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FIGURE 1 | The chemostat imposes a selective pressure on the cultured cells, which drives cellular adaptation. We suggest to intensify the efforts on combining the

study of adaptation at the average cell level with the current knowledge of population heterogeneity in chemostats to study the mechanisms of adaptation at the

single cell level. (A) General trends observed at average cell level during prolonged adaptation in chemostat cultivation of microbes. (B) Illustration of adaptation

measured in the bulk. The figure illustrates how it may look at the single-cell level if the adaptation is a result of a shift in the whole cell population. (C) Illustration of

adaptation measured in the bulk. The figure illustrates how it may look at the single-cell level if the adaptation is a result of a shift in subpopulation ratios.
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Population heterogeneity can therefore arise due to external
influences such as gradients in manufacturing scale and
nutrient limitation. It can also originate from intracellular
events not influenced by the environment such as stochastic
gene expression, e.g., random variations in the abundance
of intracellular molecules with important regulatory functions
(Elowitz et al., 2002; Blake et al., 2003). The population
heterogeneity can have important functional consequences,
which is beneficial for the entire population. It has been suggested
that heterogeneity emerges as a consequence of metabolic
cooperation between cells (Campbell et al., 2016) and that the
population as a whole benefits from division of labor between
individuals (Reuven and Eldar, 2011; Ackermann, 2015). We
speculate that this can also occur in chemostats. Bet-hedging is
another strategy resulting in phenotypic heterogeneity and can be
seen as a way to cope with unforeseen conditions in fluctuating
environments (Thattai and van Oudenaarden, 2004; Kussell
and Leibler, 2005). Acar et al. (2008) suggested that isogenic
populations can improve fitness by optimizing the phenotypic
diversity to an ideal fraction. As a recent example Kundu et al.
(2020) showed how cells in a chemostat divide into growing
and non-growing subpopulations and propose that the isogenic
population in this way improves its fitness to sudden increases
in nutrient concentrations. Due to the selective nature of the
chemostat, this strategy requires that cells with the less beneficial
growth advantage continuously emerge, as they would otherwise
be washed out (Kundu et al., 2020). Alternative mechanisms
causing phenotypic heterogeneity can be related to aging and the
asymmetrical division of exponentially growing cells. Recently,
Li Y. et al. (2020) showed that genetically identical yeast cells age
at different rates and toward different phenotypes in a constant
glucose-limited environment, for example.

DISCUSSION OF SINGLE-CELL

TECHNOLOGIES FOR THE STUDY OF

ADAPTATION IN CHEMOSTATS

It is essential to understand the functional molecular basis
of adaptation in prolonged chemostats in order to utilize
the full potential of the chemostat process in continuous
biomanufacturing. We suggest to intensify the efforts on
combining the study of adaptation at the average cell level
with the current knowledge of population heterogeneity in
chemostat cultivations to study mechanisms of adaption
at the single-cell level. This could reveal important
differences between subpopulations potentially hidden in
bulk measurements (Figures 1B,C). For this endeavor, single-cell
technologies are needed.

Traditionally, flow cytometry has been used to address
heterogeneity in bioprocesses including chemostats (Hewitt
et al., 1998, 1999; Delvigne et al., 2015; Heins et al., 2019;
Vees et al., 2020). Populations differentiated by structural or
physiological cell parameters can be revealed based on optical
signals from, e.g., staining dyes or biosensors. Online flow
cytometers exists and can be applied for regulation of bioreactors
(Sassi et al., 2019). If the adaptation observed in chemostats

is grounded in population heterogeneity, real-time monitoring
of heterogeneity can potentially be used to control adaptation.
However, more knowledge about how to control the processes
are needed. Fluorescence-activated cell sorting in combination
with proteomics or transcriptomics allow for the sorting of
cells into subpopulations, which can afterward be analyzed by
subpopulation omics (Achilles et al., 2007; Jehmlich et al., 2010;
Jahn et al., 2013; Lieder et al., 2014). This method can be used
to gain knowledge about changes in gene and protein expression
leading to the development of subpopulations (Jahn et al., 2013).
The method is limited by the time it takes to obtain enough cells
to detect sufficient amounts of proteins or transcripts for the
omics characterization.

Microfluidic single-cell cultivation systems enable time-
resolved analysis of individual cells in accurately controlled
environments by application of, e.g., online fluorescent readouts
or phase contrast images. These systems are typically used
to study cell division, morphology, aging, or gene expression
(Elowitz and Leibler, 2000; Wang et al., 2010; Ullman et al.,
2013; Grünberger et al., 2015; Li Y. et al., 2020). Contrary
to studies in bioreactors, it is possible to follow phenotypic
development and regulation of isolated cells with spatiotemporal
resolution and to distinguish contributions from intrinsic
stochastic processes and environmental factors (Weibel et al.,
2007; Dusny and Schmid, 2015). On this basis, the systems can
reveal fundamental insight into cellular regulation strategies to
nutrient-limited conditions (Lindemann et al., 2019). Several
microfluidic cultivation concepts exist where cells are trapped
by different physical principles. This includes systems with
contactless trapping of single cells by a non-uniform electric field
(Kortmann et al., 2009; Fritzsch et al., 2013) and mechanical
trapping of cells in chambers (Wang et al., 2010; Long et al., 2013).
1D chamber systems can accurately reproduce the dynamic
nutrient variations observed by cells in a large-scale production
reactor (Ho et al., 2019). We find the contactless cultivation
systems most interesting for the study of adaptation to nutrient
limited growth. In these systems cell-to-surface and cell-to-cell
interactions are avoided (Fritzsch et al., 2013). However, cell-
to-cell interactions may play important roles in bioreactors.
Cross-scale studies have, e.g., revealed differences in growth rates
of C. glutamicum due to density differences (Grünberger et al.,
2013). 2D-chamber systems exist where cell-to-cell interactions
can be examined (Burmeister et al., 2019). However, growth
is restricted to two spatial dimensions in the 2D systems and
gradients of nutrients and excreted metabolites can occur (Ho
et al., 2019). Droplet microfluidics is another example of single-
cell cultivation systems that enable high-throughput studies
of adaptation. Jakiela et al. (2013) developed a micro-droplet
chemostat to study bacterial growth and adaptation. However,
it is hard to control the environment in the droplets (Schmitz
et al., 2019). Recent examples show how microfluidic cultivation
systems can be coupled to mass spectrometry (MS) for label-free
analysis of extracellular proteins or metabolites (Dusny et al.,
2019; Haidas et al., 2020; Schirmer et al., 2020). These setups
are promising as they expand the window of molecules, which
can be analyzed in microfluidic cultivation systems. However,
the cultivation medium needs to satisfy the MS used for analysis
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FIGURE 2 | Single-cell technologies are compared on a scale from not sufficient to ideal with respect to how suited they are for the study of adaptation in

chemostats. The parameters used for the comparison are: the number of analyzed cells, how well the technologies emulate chemostat conditions, the number of

parameters which can be analyzed, how mature the technologies are and whether the technologies can be used to study individual cells by precise spatial and

temporal control. None of the technologies fulfill all these criteria at the moment.
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(Schirmer et al., 2020). Therefore, it is hard to precisely match the
bioreactor conditions in these setups.

Single-cell omics technologies covering single-cell proteomics,
single-cell transcriptomic (scRNA-seq), single-cell genomics
(SCG), and single-cell metabolomics are successfully applied to
mammalian cells in areas such as health and disease (Baslan and
Hicks, 2017; Stubbington et al., 2017). We envision a transfer
of this success to microbial bioprocesses enabling the study of
adaption in chemostats on all hierarchical levels by a systems
biology approach (Joyce and Palsson, 2006). Methods for analysis
of unicellular microorganisms lag behind mainly due to the small
size of the microorganisms, the low number of molecules per
cell, and their resistant cell walls (Saint et al., 2019). scRNA-
seq and SCG are the most evolved methods, mainly because
DNA and mRNA signals can be amplified. SCG has been used to
study genomic heterogeneity in bothmonocultures andmicrobial
communities by analyzing thousands of single cells (de Bourcy
et al., 2014; Hosokawa et al., 2017; Lan et al., 2017). Recent
promising studies have applied scRNA-seq for investigation of
microbes (Gasch et al., 2017; Kuchina et al., 2019; Saint et al.,
2019; Geoghegan et al., 2020; Jackson et al., 2020; Jariani et al.,
2020). The newest technologies identified more than half of
the transcriptome of yeast per cell for 285 individuals (Nadal-
Ribelles et al., 2019). Methods for label-free, single-cell analysis
of proteins, and metabolites from microbes are limited. Single-
cell MS has been used to measure in the region of 25 intracellular
metabolites from up to a thousand single cells from microbial
cultures (Ibanez et al., 2013; Walker et al., 2013; Krismer et al.,
2017; Li Z. et al., 2020). To our knowledge, only few methods
for unlabeled single-cell proteomics of microorganisms exist
in literature. Armbrecht et al. (2019) published a single-cell
proteomics method for mammalian cells and claimed that it also
works for microbes. Sensitivity for detection, technical noise and
the wide range of expression levels have been highlighted as
main challenges for MS techniques (Zhang and Vertes, 2018). To
speed up the progress toward suitable single-cell omics methods
one could focus the development on more efficient sample
preparation methods, e.g., based onmicrofluidics or droplets that
lead to less loss of material due to adsorption to plastic etc. (Dou
et al., 2019). Moreover, to increase the coverage of the methods,
we see computational approaches, which impute missing data, as
important tools (Li and Li, 2018; Peng et al., 2019).

The ideal technology for the study of single-cell adaptation
in chemostats should be high-throughput with respect to the
number of phenotypic parameters that can be analyzed and
in terms of the number of cells investigated in order to be
statistically significant for the high cell density cultures applied
in industry. Moreover, the cells should be analyzed in an
environment, which emulates chemostat conditions and the
analysis should not interfere with the studied mechanisms.
Ideally, the technology should enable a spatiotemporal resolution
of individual cells. None of the technologies described in this
perspective article fulfill all these criteria (Figure 2), but together
they can be used to reveal the underlying mechanisms thus
enabling control of adaptation in chemostats, e.g., by bioprocess
control strategies or metabolic engineering. Flow cytometry is
well established, high-throughput in terms of the number of

cells analyzed and has already proven its worth for the study of
chemostats (Hewitt et al., 1998; Sassi et al., 2019). The online
versions can be coupled directly to bioreactors making it possible
to perform the analysis in a relevant environment. Microfluidic
cultivation systems are the only technology, which enables the
study of individual cells by precise spatial and temporal control.
However, the systems have to emulate bioprocess conditions.
The number of available biosensors and reporter strains are
rapidly increasing. Recently, a biosensor for the measure of
glycolytic flux in yeast was developed (Monteiro et al., 2019).
Combined with flow cytometry and/or microfluidics, the increase
in reporter strains and biomarkers will enable the study of
new phenomena and mechanisms on the single-cell level.
Technologies, which rely on fluorescent readouts, are restricted
by the number of dyes, which can be applied simultaneously.
Moreover, genetic modifications of host strains for incorporation
of biosensors can be work intensive and might interfere with
the metabolism of the host. Due to the cost of large-scale
production reactors, potential GMP and safety regulations, we
find it hard to imagine that reporter strains can be used to
investigate adaptation in actual production scale. Single-cell
metabolomics and proteomics are still not suitable for the analysis
of microbial bioprocesses. SCG technologies are more matured
but will only reveal mutational mechanisms. scRNA-seq has
advanced rapidly but can be costly and labor intensive (Nadal-
Ribelles et al., 2019), which may explain the limited application in
microbial bioprocesses. Further development of the technologies
are therefore needed. Adaptation in chemostats affects both the
genome, transcriptome, metabolome, and proteome (Dunham
et al., 2002; Kazemi Seresht et al., 2013; Wright et al., 2020). We
envision the application of single-cell omics for the holistic study
of the adaptive mechanisms, as the omics technologies have the
potential tomeasure large amounts of parameters at all regulatory
levels. Therefore, if the rapid advancements of the technologies
continue, single-cell omics can become important supplements
to flow cytometry and microfluidic cultivation systems.
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Abstract 

Cells cultured in a nutrient-limited environment can undergo adaptation, which confers improved 

fitness under long-term energy limitation. We have previously shown how a recombinant 

Saccharomyces cerevisiae strain, producing a heterologous insulin product, under glucose-limited 

conditions adapts over time at the average population level.  

In this paper, we investigated this adaptation at the single-cell level by application of FACS and showed 

that three apparent phenotypes underlie the adaptive response observed at the bulk level: (1) cells 

that drastically reduced insulin production (23 %), (2) cells with reduced enzymatic capacity in central 

carbon metabolism (46 %), (3) cells that exhibited pseudohyphal growth (31 %). We speculate that the 

phenotypic heterogeneity is a result of different mechanisms to increase fitness. Cells with reduced 

insulin productivity have increased fitness by reducing the burden of the heterologous insulin 

production and the populations with reduced enzymatic capacity of the central carbon metabolism 

and pseudohyphal growth have increased fitness towards the glucose-limited conditions.      

The results highlight the importance of considering population heterogeneity when studying 

adaptation and evolution.  



SUBMITTED FOR PUBLICATION  WRIGHT ET AL. 

78 

Importance 

The yeast, Saccharomyces cerevisiae, is an attractive microbial host for industrial production and is 

widely used for manufacture of, e.g. pharmaceuticals. Chemostat cultivation mode is an efficient 

cultivation strategy for industrial production processes as it ensures a constant, well-controlled 

cultivation environment. Nevertheless, both the production of a heterologous product and the 

constant cultivation environment in the chemostat impose a selective pressure on the production 

organism, which may result in adaptation and loss of productivity. The exact mechanisms behind the 

observed adaptation and loss of performance are often unidentified. We used a recombinant S. 

cerevisiae strain producing heterologous insulin and investigated the adaptation occurring during 

chemostat growth at the single-cell level. We showed that three apparent phenotypes underlie the 

adaptive response observed at the bulk level in the chemostat. These findings highlight the 

importance of considering population heterogeneity when studying adaptation in industrial 

bioprocesses.  
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1. Introduction 

A growing number of pharmaceuticals, food ingredients and other valuable chemicals are today 

produced commercially by recombinant microbial cell factories. Expression of heterologous proteins 

confers a burden to the host strain which can result in an adverse selection towards low-producing 

cells during production.1  

The chemostat mode of cultivation is an efficient strategy for industrial production processes, 

especially in continuous manufacturing, as the cells in the bioreactor can be kept in a constant growth 

environment for long periods with a constant output.2 In this steady-state growth environment, the 

cells are exposed to nutrient limitation, e.g. glucose, either as a kinetic limitation of the cellular 

transport of nutrients or as limitation of the metabolic enzymes converting the nutrients.3 The 

nutrient-limited conditions in the chemostat impose a constant selective pressure on the production 

organism. Isogenic cells cultured in glucose-limited environments often undergo adaptation increasing 

fitness benefits under long-term energy limitation.  

We have previously shown how a recombinant Saccharomyces cerevisiae strain producing a 

heterologous protein adapts over time with respect to the population average protein levels.4 Over 

approximately 30 generations of glucose-limited growth, we observed a drastic decrease in 

recombinant protein production to almost half of the maximum value together with significant 

changes in the intracellular proteome. The underlying mechanisms of this adaptation are currently 

unknown but could not be associated to genetic mutations (unpublished results).  

In nature, microorganisms live in complex communities consisting of many different species, 

subspecies and genetic variants. Phenotypic heterogeneity can occur in populations of genetically 

identical cells with respect to different traits including metabolism and morphology.5 Phenotypic 

population heterogeneity with respect to metabolic activity has been shown in chemostat cultivations 

of microbes.6,7   

In this study, we have investigated the adaptation of a recombinant S. cerevisiae strain in glucose-

limited cultures at the single-cell level. The results show that the bulk adaptive outcomes observed at 

the culture level, i.e., protein levels, physiology changes, and loss of productivity, are a mixed response 

composed of at least three apparent phenotypes or subpopulations. The results highlight the 

importance of considering population heterogeneity when studying adaptation.  
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2. Materials and Methods 

2.1 Strains and experimental overview 

An isogenic culture of the recombinant S. cerevisiae strain, C.U17 was cultured in prolonged chemostat 

cultivations.8 The strain contains a 2-µm vector with an expression cassette encoding the Triose 

Phosphate Isomerase 1 (TPI1) promoter and a gene encoding a single-chain insulin precursor. Both 

HIS3 and URA3 were used as auxotrophic selection markers. The C.U17 strain is referred to as the 

initial cell clone throughout the rest of the manuscript. After 271 hours of glucose-limited growth, end 

sample cells from one of the cultivations were collected and stored as glycerol stocks at -80°C. These 

cells are referred to as end sample cells. One of the glycerol stocks were thawed, washed three times 

in PBS buffer and used for FACS sorting (Fluorescence Activated Cell Sorting) of three individual 

populations separated based on particle size measured as forward scatter light area (FSC-A) (Figure 

1A). 10,000 sorted cells from each population were propagated in individual shake flasks with minimal 

medium at 30°C, harvested at an OD600 of 20 and stored as glycerol stocks at -80°C (Figure 1B). The 

glycerol stocks were used to reinitiate new chemostat cultures with each of the FACS sorted 

populations (Figure 1C). 

2.2 Chemostat cultivations 

Aerobic chemostat cultivations were performed in 0.5 L fully instrumented and automatically 

controlled BIOSTAT® reactors (Sartorius Stedim Biotech S.A, Germany). The strains were cultured in 

duplicates as previously described in Wright et al.4 at a temperature of 28 oC, pH of 5.9, aeration rate 

of 2 vvm and dilution rate of 0.1 h-1. A minimal medium with a glucose concentration of 75 g/L without 

uracil and histidine supplements was used. Each cultivation was initiated with 8 hours batch phase 

and 52 hours fed-batch phase. Cell dry weight and extracellular heterologous insulin production were 

measured each day as previously described in Wright et al.4    

Duplicated cultivations with the initial cell clone were preformed in a scale-down reactor system with 

glucose pulses. The setup of the cultivations was the same as described above but instead of a 

continuous media supply, the media was dosed in pulses. Thus, the media, which should be added to 

the reactor in a time interval of 84 seconds in order to obtain a dilution rate of 0.1 h-1 were instead 

added in 22 seconds followed by a 62 seconds pause with no media addition. 
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Figure 1: Overview of the experimental setup. A) The monoclonal initial cell clone was used to inoculate a chemostat culture. 
After 271 hours of continuous cultivation a sample of adapted cells were taken (end sample cells) and stored as glycerol stock. 
The end sample cells were further separated by FACS sorting into three different subpopulations based on FSC-A. B) The FACS 
sorted subpopulations were inspected by microscopy, propagated in batch cultures and stored as glycerol stock. C) Each of the 
FACS sorted subpopulations were cultured in reinitiated chemostats and compared in terms of particle size (FSC-A), intracellular 
proteome and heterologous insulin production. In addition, the end sample cells were cultured in reinitiated chemostats and 
analyzed for heterologous insulin production and particle size (FSC-A). 
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2.3 Fluorescent activated cell sorting (FACS) 

Samples for flow cytometry analysis were collected every day and stored in glycerol at -80 °C. Prior to 

analysis, the samples were thawed and washed three times in PBS buffer. Flow cytometry analysis and 

cell sorting with respect to particle size (FSC-A) were performed using a Sony Cell Sorter SH800S. 

100,000 cells were analyzed in each sample using a 100 µm microfluidic sorting chip. The samples 

were diluted to obtain an event rate below 1000 eps. The raw flow cytometry data (fcs files) were 

analyzed in the software environment R version 3.6.1 using the flowCore package.9 Stacked density 

plots of the log2(FSC-A) distribution at different time points were constructed by application of the 

ggplot2 package in R.10 Histogram bar charts of log2(FSC-A) were constructed by sorting the cell count 

data into 833 uniformly sized bins using the build-in hist function in R. 

2.4 Analysis of intracellular proteins 

A minimum of four samples were withdrawn for analysis of intracellular proteins at different time 

points of the reinitiated chemostat cultivations of the three FACS sorted populations (See 

Supplementary materials Table S1 for an overview of the different samples). The samples were stored 

at -80 °C before further processing. Intracellular proteins were quantified by label‐free quantification 

as previously described in Wright et al.4. For analysis of the samples, liquid chromatography was 

performed on a CapLC system (Thermo Fisher Scientific) coupled to an Exploris 480 mass spectrometer 

(Thermo Fisher Scientific). The peptides were separated with a flow rate of 1.2 µl/min on a 75‐

µm × 15 cm 2 µm C18 easy spray column. A stepped gradient, going from 4% to 40% acetonitrile in 

water over 50 minutes was applied. Mass spectrometry (MS)‐level scans were performed with the 

following settings: Orbitrap resolution: 60,000; AGC Target: 1.0e6; maximum injection time: 50 ms; 

intensity threshold: 5.0e3; and dynamic exclusion: 25 s. Data‐dependent MS2 selection was 

performed in Top 12 mode with HCD collision energy set to 30 % (AGC target: 1.0e4; maximum 

injection time: 22 ms).  

2.5 Data processing of proteome data 

For analysis of the thermos rawfiles, Proteome Discover 2.3 (Thermo Fisher Scientific) was applied. 

The following settings were used for the analysis: Fixed modifications: Carbamidomethyl (C) and 

Variable modifications: oxidation of methionine residues. First search mass tolerance of 20 ppm and 

an MS/MS tolerance of 20 ppm. Trypsin was selected as an enzyme and allowing one missed cleavage. 

False discovery rate was set at 0.1%. The data was searched against the S. cerevisiae database 
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retrieved from Uniprot with proteome ID AUP000002311 and the sequence of the heterologous 

insulin. The data sets can be found at data.dtu.dk (https: //doi.org/10.11583/DTU.13536179).  

Batch variations between different proteome datasets were reduced by scaling each protein such that 

the mean log2(abundance) was the same between data sets. A differential expression analysis was 

performed between Population 1, Population 2 and Population 3 for samples taken in the beginning 

of the cultures (≤ 48 hours of chemostat growth) and again in the end of the cultures (after 254 hours 

of chemostat growth). Only proteins which were measured in all samples between the compared 

populations were included in the analysis meaning that 2635 proteins were compared between 

Population 1 and Population 3, 2811 proteins were compared between Population 1 and Population 2 

and 2679 proteins were compared between Population 2 and Population 3. The analysis was 

performed using the EdgeR package11 in R version 3.6.1. The proteome from the beginning of 

chemostat cultures with the three populations were furthermore compared to a previously published 

proteome of the initial cell clone.4 For an overview of the samples used for the comparison, see 

Supplementary materials Table S2. 2716 proteins between Population 1 and the initial cell clone were 

compared, 2770 proteins between Population 2 and the initial cell clone were compared and 2692 

proteins were included in the comparison of Population 3 and the initial cell clone.  

For each comparison between two strains, proteins were grouped in clusters depending on whether 

the level of the proteins were higher (log2 fold-change > 0.5, q-value < 0.05) or lower (log2 fold-change 

< -0.5, q-value < 0.05) in strain A compared to strain B. Gene ontology (GO) process terms were 

obtained from geneontology.org/annotations/sgd.gaf.gz on 16 November, 2020. A one‐sided Fisher's 

exact test was used to investigate whether the protein clusters, were enriched with proteins 

annotated with certain GO process terms (q-value <0.05). The test was performed using the R 

package bc3net package.12 

2.6 Microscopy 

The morphology of FACS sorted populations were visually inspected using a LMI-005-Leica Microscope 

and a Confocal Microscope-SP8.  

2.7 Determination of maximum growth rate in batch cultures 

Maximum growth rates were determined based on OD600 measurements from exponentially growing 

cells in 100 ml shake flasks with minimal medium and 3 % v/v glucose.8 Three biological replicates 

were performed for each strain.  
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3. Results & Discussion 

3.1 FACS analysis of chemostat cultivations with S. cerevisiae, C.U17 

We cultivated the recombinant S. cerevisiae strain, C.U17 in duplicated chemostats and performed 

time-resolved analysis of the population with respect to particle size measured by FSC-A (used as a 

proxy for Morphology), (Figure 1A). We observed the differentiation of three main subpopulations 

over time with respect to FSC-A (Figure 2; See Supplementary materials Figure S1 and S6 for 

replicates).  We named the three subpopulations Population 1 (small particles), Population 2 (medium 

particles) and Population 3 (large particles), respectively. Population 1 corresponded to 23 % of the 

total population after 270 hours of glucose-limited growth, Population 2 corresponded to 46 % and 

Population 3 corresponded to 31 % (Figure 3A).  

3.2 Morphology of FACS sorted populations 

We FACS sorted each of the three subpopulations based on FSC-A and inspected the subpopulations 

by microscopy (Figure 1A, B). We observed that Population 1 primarily contained single cells where 

about a fourth presented small round buds, whereas Population 2 consisted of multi-budded cells with 

a more ellipsoidal cell shape (Figure 3B). Population 3 contained branches of elongated cells with 

multiple buds (pseudohyphae). 

Morphological changes towards a more filamentous and pseudohyphal growth are known effects of 

chemostat growth and also a known adaptive response of cells in a nutrient poor environment as a 

strategy to forage for nutrients.13–15 This suggests that Population 3 has emerged as a result of the 

glucose-limited conditions.  

Flocculation and wall growth have been observed in prolonged chemostats where cells stick to the 

surface of the culture vessels.16 However, wall growth has not been observed in this study.  

Morphological changes exhibited by cell subpopulations comprising large single-budded and multi-

budded cells have previously been observed in industrial scale chemostat cultivations with S. 

cerevisiae and were related to hypoxia.17 In the current study, no sign of oxygen limitation can be 

found during the chemostat cultures (Supplementary material, Figure S18). Thus, we link the 

formation of the subpopulations to the selective pressure of the constant glucose-limited 

environment. We confirm this link by glucose-pulse experiments. A uniform particle size and 

morphology with no significant changes over time could be detected in cultures exposed to continuous 

glucose pulsing (Figure 4, See Supplementary materials Figure S11 and S12 for replicates). 
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Figure 2: Distribution of cells with FSC-A corresponding to Population 1 (log2(FSC-A) < 16.6), Population 2 (16.6 < log2(FSC-A) 
< 17.7) or Population 3 (log2(FSC-A) > 17.7) at different time points during a representative culture of the initial cell clone. A) 
Density plot of log2(FSC-A) at different cultivation time points. 100,000 cells were analyzed at each time point. B) Fraction of 
cells with a FSC-A corresponding to each of the three populations as function of cultivation time.  
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Figure 3: A) Cell count with respect to log2(FCS-A) measured by FACS after 271 hours of chemostat culture with the initial cell 
clone. The color code indicates the separation of cells into three subpopulations for FACS sorting. 100,000 cells were analyzed. 
B) Images of cell morphology of the three FACS sorted subpopulations.  

 

3.3 Maximum growth rate of FACS sorted subpopulations 

Each of the FACS sorted individual populations had maximum growth rates equal to or higher than the 

initial cell clone (Figure 5A). Population 1 had a significant higher maximum growth rate on glucose 

compared to the other populations, which can be explained by a lower metabolic burden of the 

heterologous insulin production (this is further discussed in section 3.4.2). 
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Figure 4: Distribution of cells with FSC-A corresponding to Population 1 (log2(FSC-A) < 16.6), Population 2 (16.6 < log2(FSC-A) 
< 17.7) or Population 3 (log2(FSC-A) > 17.7) at different time points during a representative culture of the initial cell clone 
exposed to continuous glucose pulsing. A) Density plot of log2(FSC-A) at different cultivation time points. 100,000 cells were 
analyzed at each time point. B) Fraction of cells with a FSC-A corresponding to each of the three populations as function of 
cultivation time. 
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3.4 Reinitiated chemostat cultures of FACS subpopulations 

Each of the FACS sorted subpopulations were propagated in batch cultures and stored as glycerol 

stocks (Figure 1A, B). 

We cultured each of the propagated populations in new chemostat cultures in order to characterize 

the populations individually, with respect to particle size (FSC-A), heterologous insulin production and 

intracellular proteome (Figure 1C). We also compared the subpopulations to the end sample cells from 

which they were sorted with respect to heterologous insulin production. Biomass concentrations 

measured as cell dry weight for each cultivation can be found in Supplementary materials Figure S17. 

3.4.1 Particle size (FSC-A) 

We observed that the particle size of some of the cells in Population 2 and Population 3 after 

propagation in batch cultures had changed towards particle sizes typical of Population 1 

(Supplementary materials Figure S2, S3, S4, S7, S8, S9). However, the particle size increased again over 

time in the reinitiated chemostats.  

3.4.2 Heterologous insulin production 

The production of the recombinant insulin decreased over time when the initial cell clone was 

cultivated under prolonged glucose-limited conditions whereas a stable insulin production was found 

in the scale-down reactor system with continuous glucose pulsing (Figure 5B, Supplementary materials 

Figure S13). This is in line with our previous observations where we coupled the decline in insulin yield 

to changes in the intracellular proteome of the strain observed in measurements at the culture level.4 

The end sample cells, continued to produce insulin at the same low level when cultured de novo in 

chemostats, while the subpopulations showed divergent phenotypes with respect to heterologous 

insulin production (Figure 5B). In the beginning of the reinitiated cultures, the sum of the insulin yields 

of Population 1-3 was ~1.8 mg/gDW (adjusting for the ratios between the three subpopulations at the 

end of the cultivations with the Initial cell clone). This yield approximates the insulin yield observed by 

bulk measurements in the end of the cultivations with the initial cell clone. This indicates that the 

insulin yield of the three populations were conserved during the batch propagation of the FACS sorted 

cells (estimated to more than 40 generation). 

Only small amounts of insulin could be detected in cultures with Population 1. The production of a 

heterologous protein is a burden for the cells18 and cells with reduced productivity will have a growth 

advantage compared to cells, which are not able to adapt.1 We observe this advantage as a higher 

maximum growth rate for Population 1 under glucose rich conditions (Figure 5A). Therefore, we 

suggest that Population 1 has mainly arisen due to the burden of the heterologous protein production 

and to a lesser extent due to the glucose-limited conditions. The determined maximum growth rate 
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for Population 1 is slightly lower than the growth rate of the wildtype CEN.PK113-7D strain (0.37 h-1 ± 

0.01), which has previously been used as reference strain for comparison with the C.U17 strain.8 

The bulk measurements of insulin in the initial cell clone reached a new steady state after around 150 

hours of glucose-limited growth (Figure 5B). Moreover, a steady state between the three 

morphological phenotypes seemed to occur after around 200 hours of chemostat cultivation (Figure 

2B). Cultivations with the end sample cells for another 250 hours under glucose-limited conditions 

confirm the steady state with respect to insulin production (Figure 5B). This indicates that none of the 

three populations had a significantly higher fitness under chemostat conditions compared to the 

other. Based on the maximum growth rate experiments, we would have expected that Population 1 

should take over the entire population in the chemostat and that Population 2 and Population 3 

gradually would be washed out. However, the increase in fitness of chemostat-adapted cells is often 

specific to the low nutrient-limited environment and many organisms adapted to chemostat 

conditions show reduced growth capabilities in nutrient rich environments.19–21 Thus, a higher 

maximum growth rate under glucose rich conditions will not be an adequate measure of fitness under 

glucose-limited conditions. 

Yeast cells release a variety of different metabolites and prefer the uptake of extracellular metabolites 

over self-synthesis.22 Population heterogeneity can emerge as a consequence of metabolic 

cooperation between cells and a population as a whole can benefit from division of labor between 

individuals.23,24 We speculate that the three populations in the chemostat cooperate in metabolism 

and exchange metabolites and that this may explain the observed steady state between the 

subpopulations. However, this suggestion needs to be further investigated. 
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Figure 5: A) Maximum growth rate in batch cultures. Error bars indicate differences between three biological replicates, B) 
Insulin yield over time in chemostat cultivations. C) Levels of His3p and Ura3p over time in chemostat cultivations.  
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3.4.3 Intracellular proteome 

The FACS sorted cells were further characterized with respect to their intracellular proteome during 

chemostat growth. We compared the intracellular proteome in the beginning of chemostat cultures 

of the three populations with our previously reported proteomics dataset from the beginning of 

chemostat cultures with the initial cell clone4 (Table 1). Moreover, we compared the proteome of the 

three individual populations in the beginning of the chemostat cultures and again in the end of the 

cultivations.  

In the beginning of the chemostat cultures, Population 2 differed from Population 1 and the initial cell 

clone with respect to proteins involved in the central carbon metabolism (Table 1-3). The levels of 

these proteins were significantly lower in Population 2 (See Figure 6 for example of glycolytic proteins). 

Protein synthesis is an energetically expensive process. Cells, which can economize the protein 

synthesis, e.g., by reducing the production of overexpressed proteins in a nutrient-limited 

environment, will have an advantage over cells, which cannot adapt. Reduced capacity of the central 

carbon metabolism including the glycolysis and TCA cycle is a well-known adaptive response to 

chemostat conditions.25–27 This suggests that the establishment of Population 2 is a response to the 

glucose-limited conditions and confers a fitness advantage in the chemostat.  

6 % of the measured proteome differed between Population 1 and the initial cell clone (log2 fold-

change > 0.5 or log2 fold-change < -0.5, q-value <0.05), (Table 1). No differentially expressed GO terms 

could be found related to these proteins (q-value <0.05). However, levels of the proteins expressed 

from the selective markers, URA3 and HIS3 were significantly lower in cultivations with Population 1 

compared to cultivations with the initial cell clone and Population 2 (Figure 5C). This indicates that 

either a reduced plasmid copy number or a down regulation of the plasmid genes caused the low 

insulin production in Population 1. A decline in plasmid copy number over cultivation time has 

previously been measured in the bulk of chemostat cultivations with the initial cell clone in the time 

frame investigated in this study8 and may be related to Population 1 growing over time. In general, 

several proteins involved in the biosynthesis of uridine are significantly decreased in the beginning of 

cultivations with Population 1 compared to Population 2 (q-value<0.05), (See Supplementary materials 

Figure S16 for levels of the specific proteins). This is not the case for the biosynthesis pathway of 

histidine (See Supplementary materials Figure S15 for levels of the specific proteins). 

After 271 hours of glucose-limited growth, only 16 proteins differed with more than 0.5 log2 fold-

change between Population 1 and Population2 (q-value < 0.05), (Table 1, see Supplementary materials 

Table S3 for the specific proteins). This indicates that two adaptive mechanisms occurred over time in 

Population 1. In the original chemostat cultures, the fitness of the cells was increased towards the 
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burden of the heterologous insulin production by a decrease of the insulin productivity. In the 

reinitiated chemostat cultures, the fitness was increased towards the glucose-limited conditions by a 

decrease in the overcapacity of especially enzymes linked to the central carbon metabolism. We have 

previously shown that the adaptation to glucose-limited conditions is enhanced by the production of 

a heterologous product.4 This may explain the delayed adaptation in Population 1 with respect to the 

reduction of enzymatic overcapacity compared to Population 2. During the first 100 hours of the 

reinitiated chemostats with Population 2 there seems to be a further reduction in the glycolytic 

capacity of the cells (Figure 6).  

No significantly expressed proteins could be found between Population 2 and Population 3 in the 

beginning of chemostat cultivations, whereas 50 proteins differed between Population 1 and 

Population 3 (log2 fold-change  > 0.5 or log2 fold-change < -0.5, q-value <0.05). Population 3 consisted 

of cells with multiple-buds that span a larger variety of cells with respect to particle size. Therefore, a 

larger variation was observed between replicates with this population (Supplementary materials 

Figure S14). This variation explains the lower level of significantly changing proteins between 

Population 3 and the other subpopulations.  
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Table 1: Comparison of the proteome during chemostat growth of the initial cell clone and Population 1-3. The table illustrates 
the fraction of differentially expressed proteins for each comparison (log2 fold change > ׀0.5׀, q-value < 0.05). Moreover, 
differentially expressed GO process terms enriched by the differentially expressed proteins are shown (q-value < 0.05). 

Comparison Fraction of 
differentially 
expressed 
proteome 

Enriched GO process terms 
 

Initial cell clone vs Population 1  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

6 % - 

Initial cell clone vs Population 2  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

13 % Upregulated in the Initial cell clone: 
Carbohydrate metabolic process, Oxidation-
reduction process, Gluconeogenesis, Glycolytic 
process, NADH oxidation 

Initial cell clone vs Population 3  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

4 % Upregulated in the Initial cell clone: 
Oxidation-reduction process 

Population 1 vs Population 2  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

14 % Upregulated in Population 1: 
Oxidation-reduction process, Tricarboxylic acid 
cycle, Fatty acid metabolic process, Fatty acid 
beta-oxidation, Gluconeogenesis, Glyoxylate 
cycle, NADH oxidation, lipid metabolic process, 
carboxylic acid metabolic process, amino acid 
catabolic process to alcohol via Ehrlich pathway, 
malate metabolic process, isocitrate metabolic 
process, cellular respiration 

Population 1 vs Population 3  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

2 % - 

Population 2 vs Population 3  
Beginning of cultivation  
(≤ 48 hours of chemostat growth) 

0 % - 

Population 1 vs Population 2  
End of cultivation  
(254 hours of chemostat growth) 

0.6 % - 

Population 1 vs Population 3  
End of cultivation  
(254 hours of chemostat growth) 

0.6 % - 

Population 2 vs Population 3  
End of cultivation  
(254 hours of chemostat growth) 

0.07 % - 
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Table 2: Differentially expressed GO process terms enriched by proteins with significant lower levels in Population 2 compared 
to the initial cell clone in the beginning of cultivations (≤ 48 hours of chemostat growth), (log2 fold-change < -0.5, q-value < 
0.05). Differentially expressed proteins are linked to the GO process terms, which they belong to. 

GO description Differentially expressed proteins 

Carbohydrate metabolic process Ath1p, Cts1p, Exg1p, Fba1p, Glc3p, Glk1p, Gpd1p, Gph1p, 
Gut1p, Ima5p, Mdh1p, Mdh2p, Nqm1p, Pgm2p, Snf4p, Sol1p, 
Sol4p, Suc2p, Ydr248cp      

Oxidation-reduction process Adh1p, Adh2p, Adh5p, Ahp1, Ald4p, Arg5,6p, Ayr1p, Bdh1p, 
Bna1p, Cta1p, Cyb2p, Ecm4p, Erg11p, Fas1p, Fas2p, Fdh1p, 
Fox2p, Gcv2p, Gcy1p, Gnd2p, Gpd1p, Gpx2p, Gre2p, Gut2p, 
His4p, Hom2p, Idp2p, Idp3p, Mdh1p, Mdh2p, Nde2p, Oye3p, 
Pgk1p, Pox1p, Prx1p, Qcr6p, Rnr2p, Rnr4p, Tdh1p, Ydl124wp, 
Yjr096wp, Yml131wp          

Gluconeogenesis Eno1p, Eno2p, Fba1p, Gpm1p, Gpm2p, Mdh2p, Pgk1p, Tdh1p, 
Tpi1p 

Glycolytic process Eno1p, Eno2p, Fba1p, Glk1p, Gpm1p, Gpm2p, Pgk1p, Tdh1p, 
Tpi1p 

NADH oxidation Adh1p, Adh2p, Adh5p, Gpd1p, Gut2p, Nde2p 

 

3.4.4 Cell synchrony 

We have previously shown that the initial cell clone synchronized growth during the first 100 hours of 

chemostat growth.4 The time point where the synchronized growth stopped correlated with the time 

point where the heterologous insulin production started to decrease (Figure 5B, Supplementary 

material, Figure S18). This also correlated well with the time point where the population heterogeneity 

with respect to particle size (FSC-A) arose in the culture (Figure 2B). Neither the end sample cells, nor 

Population 3 showed synchronized growth in the reinitiated cultures. We explain this by the larger 

fraction of population heterogeneity in the reinitiated chemostats already from the beginning of the 

cultures (Supplementary materials Figure S7-S10, S18). This heterogeneity was conserved during the 

initial batch propagation. Population 1 showed synchronized growth for 150 hours, whereas 

Population 2 showed synchronized growth for 50 hours. The stop of synchronized growth of 

Population 2 correlated with an increase in population heterogeneity in the reinitiated cultures with 

respect to particle size (FSC-A), (Supplementary materials Figure S8, S18). 
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Figure 6: Levels of glycolytic enzymes measured during replicated chemostat cultivations with the initial cell clone, Population 
1, Population 2 and Population 3. Only proteins, which differ significantly between Population 1 and Population 2 in the 
beginning of the cultivations (≤ 48 hours of chemostat growth) are pictured (q-value <0.05, log2 fold-change >0.5). 
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Table 3: Differentially expressed GO process terms enriched by proteins with significant lower levels in Population 1 compared 
to Population 2 in the beginning of cultivations (≤ 48 hours of chemostat growth), (log2 fold-change < -0.5, q-value < 0.05). 
Differentially expressed proteins are linked to the GO process terms, which they belong to. 

GO description Proteins 

Oxidation-reduction process Fas2p, Fas1p, Ald4p, Pgk1p, Tdh2p, Fdh1p, Fox2p, Tdh1p, Kgd1p, 
Gut2p, Cyb2p, Idp2p, Lys9p, Cta1p, Arg5,6p, His4p, Yhb1p, Adh2p
Adh1p, Mdh1p, Mcr1p, Pox1p, Idh1p, Ndi1p, Ydl124wp, Hom2p,  
Mdh3p, Sod1p, Gdh2p, Gcy1p, Mae1p, Sdh1p, Dld1p, Prx1p,  
Idp3p, Gnd2p, Rnr4p, Idh2p, Adh3p,Bna1p, Sdh2p, Erg11p,Gcv1p, 
Ahp1p, Cir2p, Gpd1pCyt1p, Zta1p, Rip1p, Yml131wp, Rnr1p,  
Mdh2p, Gre2p, Nde2p, Adh5p, Bdh1p, Bna4p, Sdh4p, Sdh3p,  
Ifa38p, Met12p  

Tricarboxylic acid cycle Aco1p, Kgd1p, Idp2p, Cit1p, Mdh1p, Idh1p, Lsc2p Mdh3p, Sdh1p, 
Idp3p, Idh2p, Mls1p,Cit2p, Sdh2p, Icl1p, Cit3p, Mdh2p, Sdh4p,  
Sdh3p 

Fatty acid metabolic process Fas2p, Fas1p, Fox2p, Pox1p, Pot1p, Faa2p, Cat2p, Faa4p, Yat2p,  
Yat1p, Faa3p, Dci1p, Ifa38p 
 

Fatty acid beta-oxidation Fox2p, Pox1p, Mdh3p, Pot1p, Idp3p, Tes1p, Eci1p 

Gluconeogenesis Pgk1p, Eno2p, Tdh2p, Fba1p, Eno1p, Tdh1p, Gpm1p, Tpi1p,  
Pyc2p, Mdh2p 

Glyoxylate cycle Idp2p, Mdh3p, Idp3p, Icl2p, Mls1p, Cit2p, Icl1p 

Glycolytic process Pgk1p, Eno2p, Cdc19p, Tdh2p, Fba1p, Eno1p, Glk1p, Tdh1p, 
Gpm1p, Tpi1 p 

NADH oxidation Gut2p, Adh2p, Adh1p, Ndi1p, Adh3p, Gpd1p, Nde2p, Adh5p 

Lipid metabolic process 
Fas2p, Fas1p, Fox2p, Ino1p, Pox1p, Pot1p, Faa2p, Gpt2p, Cat2p, 
Faa4p, Erg11p, Yat2p, Yat1p, Faa3p, Dci1p, Plb2p, Ifa38p, Tgl1p 

Carboxylic acid metabolic 
process 

Mdh1p, Mdh3p, Icl2p, Leu9p, Icl1p, Mdh2p 

Amino acid catabolic process 
to alcohol via Ehrlich pathway 

Adh2p, Adh1p, Adh3p, Adh5p 

Malate metabolic process Mdh1p, Mdh3p, Mae1p, Mdh2p 

Isocitrate metabolic process Idp2p, Idh1p, Idp3p, Idh2p 

Cellular respiration Sdh1p, Sdh2p, Sdh4p, Sdh3p 
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3.5 Three apparent phenotypes underlie the adaptive response observed at the bulk level 

We have previously shown that the recombinant S. cerevisiae strain (C.U17) adapts in a reproducible 

manner at the average population level for five replicated cultures with respect to changes in 

heterologous insulin production and intracellular proteome under prolonged glucose-limited 

conditions.4 Diversity of adaptation varies as a function of the distribution of fitness effects between 

beneficial outcomes.28 Thus, if an adaptive path confers a much greater selective advantage compared 

to other selective outcomes, that path will be highly reproducible. Due to the reproducibility of the 

phenotypic outcome of chemostat cultivations with the initial cell clone, we expected the adaptation 

to be driven by the selection of a single clone with a large relative selective advantage. In the present 

study, however, we demonstrate that the adaptation is not caused by the selection towards a single 

beneficial phenotype. Instead, the isogenic strain differentiated into subpopulations and reproducibly 

established three main subpopulations after 271 hours of glucose-limited growth (Figure 3A). Our 

results indicate that three apparent phenotypes underlie the adaptive response observed at the bulk 

level (Figure 7). We speculate that this phenotypic heterogeneity is a result of different mechanisms 

to increase fitness. Population 1 has increased fitness by downregulating heterologous insulin 

production most likely by decreasing the plasmid copy number whereas Population 2 has adapted 

towards the glucose-limited conditions. Population 3 seems to be a response to both the burden of 

the heterologous insulin production and the glucose-limited conditions having a phenotype with 

reduced insulin productivity and pseudo-hyphal growth.  

Adaptation and evolution in chemostats have been highly investigated at the average population level. 

However, only few studies investigate adaptation in terms of isogenic cells differentiating into 

phenotypic subpopulations.6 Our results highlight the importance of considering population 

heterogeneity when studying adaptation as bulk adaptive outcomes observed at the culture level can 

be a mixed response composed of different phenotypes or subpopulations.  
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Figure 7: The adaptive outcome observed at the culture level is a mixed response of at least three apparent phenotypes. We 
speculate that Population 1 is mainly an outcome of the selective pressure of the glucose-limited conditions whereas Population 
2 is a reaction towards the protein burden of the heterologous insulin production. Population 3 seems to be a product of both 
the selective pressure of the heterologous insulin burden and the glucose-limited conditions. 

4. Conclusion 

In this study, we investigated adaptation at the single-cell level and showed that an isogenic, 

recombinant S. cerevisiae strain differentiated into three subpopulations: (1) cells that drastically 

reduced insulin production (23 %), (2) cells with reduced enzymatic capacity of the central carbon 

metabolism (46 %), (3) cells that exhibited pseudohyphal growth (31 %). This indicates that the bulk 

adaptive outcome is a mixed response composed of at least three apparent subpopulations emerged 

as a response to the selective pressure of the chemostat and the burden of the heterologous insulin 

production.  
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 Does replicative aging occur in chemostat 

cultivations of Saccharomyces cerevisiae? 

This chapter represents a study where we investigate whether replicative aging occurs under well-

mixed chemostat conditions in the single-compartment system described in Chapter 3. Additional 

experiments are needed in order to confirm or deny the tested hypothesis. Therefore, the manuscript 

is currently not intended for publication in a scientific journal. The chapter is authored by: Naia Risager 

Wright, Mathew Fabre, Christopher T. Workman, Nanna Petersen Rønnest and Nikolaus 

Sonnenschein. 
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7.1 Abstract 

As reflected by global changes in the intracellular proteome, we showed in Chapter 3 how both a wild-

type and a recombinant Saccharomyces cerevisiae strain undergo a reproducible global shift when 

exposed to prolonged glucose-limited conditions. In Chapter 6, we showed that phenotypic 

heterogeneity plays a role in this shift. In the current chapter, we investigate the hypothesis that the 

changes in protein levels are due to changes in replicative cell age. 

We test this hypothesis by measurements of bud scars and detection of telomere lengths from early 

and late cultivation samples from chemostat cultures of the recombinant C.U17 strain. Moreover, we 

explore whether the emergence of subpopulations is a result of different aging mechanisms.  

We are not able to confirm or discount the tested hypothesis in the current study, but we suggest 

additional experiments to investigate the hypothesis further. 

7.2 Introduction 

In Chapter 3, we showed how both a wild-type and a recombinant Saccharomyces cerevisiae strain 

undergo global changes in the intracellular proteome when exposed to prolonged glucose-limited 

conditions. These changes cannot be coupled to genetic mutations (Chapter 4). In Chapter 6, we 

showed that de novo culturing of cells from the end of a chemostat culture (end sample cells) 

maintains the insulin expression phenotype observed at the time point of transfer from the original 

culture. Moreover, we showed that phenotypic heterogeneity plays a role in the proteome changes. 

This knowledge coupled to the different hallmarks of aging shown during prolonged chemostat growth 

in Chapter 3 led us to hypothesize that the cellular response observed in the single-compartment 

system during chemostat growth is related to cellular aging or a mechanism similar to cell aging. In 

this chapter, we aim to test this hypothesis and investigate whether cellular aging occurs during 

chemostat growth in the single-compartment system. 

Researchers interested in aging try to understand the mechanisms behind aging processes and aging 

related diseases in order to ultimately figure out how to block or delay the processes. S. cerevisiae is 

one of the most important model organisms for research within this area  and has been highly studied 

(Longo et al., 2012). Cellular aging can be assessed in multiple ways but is most commonly defined as 

either chronological aging or replicative aging (Kaeberlein, 2010). Replicative aging looks at mitotically 

active cells, and the age of a given cell is referred to by the number of daughter cells produced before 

senescence. The replicative age of a mother cell is typically measured by the number of bud scars it 

has accumulated (Kaeberlein, 2010). Chronological aging is defined as the survival time of cells in a 
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non-dividing state and can, e.g. be measured in a liquid culture in stationary phase when the carbon 

source has been consumed (Kaeberlein, 2010). 

In this study, we focus on replicative aging of exponentially growing cell in chemostats. Several factors 

indicate that replicative aging or a mechanism similar to replicative aging may occur during chemostat 

growth in the single-compartment system. This includes, as described in Chapter 3, indications of 

mitochondrial dysfunction and chromatin remodelling, together with changes in the cellular stress 

responses.  

To test whether replicative aging occurred, we stained samples of cells taken from early and late 

chemostat culture with wheat germ agglutinin (WGA) and monitored the bud scar distribution. A 

larger fraction of cells with increased bud scars in the end of a chemostat culture would support the 

aging hypothesis (Figure 7.1A).  

Telomere shortening is another hallmark of aging and aging related diseases in eukaryotes (Xu and 

Teixeira, 2019; Zubko et al., 2016). Therefore, we also sought to measure the telomere lengths of cells 

from each of the three FACS sorted populations described in Chapter 6 as well as cell from early and 

late chemostat culture samples. If significantly shorter telomeres could be found in cells from late 

chemostat culture, the results would also support the aging hypothesis (Figure 7.1B).  

Pseudohyphal growth as observed in Chapter 6 is also a phenotype related to aging (Lee et al., 2012). 

Different studies have applied microfluidic devices for the study of replicative aging and found that S. 

cerevisiae can differentiate into at least two different aging states with respect to morphology (Lee et 

al., 2012; Li et al., 2020). In one of the states, yeast cells have an ellipsoidal morphology 

(pseudohyphae) whereas cells in the other state are small and spherical. Recently, Li et al., (2020) 

linked the ellipsoidal aging phenotype to an aging pathway that results in chromatin silencing and 

nucleolar decline whereas the small round phenotype was linked to heme depletion and 

mitochondrial decline. We hypothesized that the emergence of subpopulations during chemostat 

growth of C.U17 in the single-compartment system (Chapter 6) might be a result of replicative aging. 

Thus, we speculated that Population 1 may have aged by mitochondrial dysfunction and therefore 

have a spherical morphology, whereas Population 2 and Population 3 may have aged by chromatin 

instability and therefore have a pseudohyphae morphology. Li et al., (2020) showed how the aging 

phenotype with mitochondrial dysfunction could be provoked by addition of succinylacetone to the 

cultivation medium whereas exposure to nicotinamide, which is a Sir2 inhibitor that disrupts rDNA 

silencing, induced the ellipsoidal chromatin silencing phenotype. In this study, we wanted to test this 

aging hypothesis and performed cultivations with the recombinant C.U17 strain with addition of either 

succinylacetone or nicotinamide. We could thereby confirm our hypothesis if the addition of 
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succinylacetone resulted in a larger fraction of cells with a morphology corresponding to Population 

1, compared to the control cultivations reported in Chapter 6. The addition of nicotinamide should 

likewise result in a larger fraction of cells with a morphology similar to Population 2 and Population 3. 

We used particle size measured by flow cytometry as a metric for morphology (Figure 7.1C). 
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Figure 7.1: Expected results that will confirm the hypothesis that replicative aging or a mechanism similar to replicative aging 
occur in the chemostat cultivations. A: Expected fluorescent intensity of bud scar stained cells measured by image flow 
cytometry, B: Expected telomere lengths measured by gel electrophoresis, C: Expected cell morphology from cultivations with 
addition of nicotinamide or succinyalacetone to the cultivation medium measured by FACS. 



108 

7.3 Materials and Methods 

7.3.1 Bud scar staining  

In chapter 3, we described how duplicated cultivations with the strain C.U17 were performed. Each 

day during the chemostat cultivations with the C.U17 strain, samples were withdrawn for storage in 

glycerol at -80 °C. The samples from early cultivation phase (60 hours of chemostat growth) and late 

cultivation phase (371 hours of chemostat growth) were analysed for bud scars. 

Cells from glycerol stocks were thawed and washed 3 times in PBS buffer (Figure 7.2). The cells were 

mixed with a Wheat Germ Agglutinin (WGA) conjugate (CF@488A WGA; Biotium) to a concentration 

of 2 µg WGA per 106 cells and stored dark under mixing for 10 minutes. The cells were afterwards 

washed twice in PBS buffer before analysis. The WGA is conjugated to a dye with Ex/Em of 490/515 

nm meaning that the bud scars can be detected in a fluorescence microscope. 

For analysis of the bud scar distribution, image flow cytometry was performed using an Xcyo5 

quantitative cell imager (Chemometec). Negative controls of an early cultivation sample and a late 

cultivation sample which were not stained with WGA were included in the analysis for measurements 

of auto florescence.  

 

 

Figure 7.2: Schematic overview of the bud scar staining procedure. The C.U17 strain was cultured in glucose-limited 
chemostats. After 60 hours and 371 hours of chemostat growth samples were withdrawn and stored as glycerol stocks. The 
samples were washed three times in PBS buffer, stained with WGA and washed twice before image flow cytometry. 
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The generated data files (fcs) were further processed and analysed by the FlowLogic software version 

7.3 (Invai Technologies) and the flowCore package in R (Ellis et al., 2020). The samples were gated with 

respect to the parameters Aperature-cell-area and Aperature-cell-intentity to separate cells from 

debris before further analysis. 7,733 – 19,419 cells were identified in each sample. Density plots of the 

fluorescent intensity distributions were constructed using the ggplot2 software package in R version 

4.0.3 (Wickham, 2016). To quantify the shape of the florescence distribution, the mean, median, peak 

width and skewness of the distribution were calculated as discussed in Heins et al., (2019). The peak 

width at the baseline level in a 2D histogram plot was calculated by first sorting the cell count data 

into 800 uniformly sized bins based on fluorescent intensity. Next, the peak width was calculated by 

subtracting the lowest channel number with more than 5 cell counts from the highest channel number 

in which more than 5 cell counts were registered. The skewness of the distribution was determined 

by subtracting the mode of the fluorescence from the mean. 

7.3.2 Measurements of telomere lengths 

7.3.2.1 Samples 

In chapter 6, we described how we performed cultivations with the strain C.U17 and the FACS sorted 

populations Population 1, Population 2 and Population 3. Samples for measurements of telomere 

lengths were collected from a cultivation with each of the four strains from the fed-batch phase of the 

cultivations after approximately 24 hours of culture in the bioreactors (36 hours before onset of 

chemostat growth). In addition, a sample from the original cultivation with C.U17 was withdrawn after 

371 hours of chemostat culture. The samples were stored as glycerol stocks at -80 °C until DNA 

extraction (Figure 7.3).  

7.3.2.2 Isolation of genomic DNA (gDNA) 

gDNA from each sample was extracted with the YaStar Genomic DNA Kit from ZYMO RESEARCH and 

concentrated by ethanol precipitation, meaning that 60 µl of DNA was suspended in 6 µl sodium 

acetate and 180 µl 96 % ethanol (Figure 7.3). The mixture was stored at -80 °C for minimum 30 minutes 

and afterwards centrifuged at maximum speed for 30 minutes. The DNA pellet was diluted with milliQ 

water to a final concentration of approximately 150 ng/µl.  

7.3.2.3 Telomere PCR protocol 

We sought to measure telomere lengths of chromosome IX using a terminal transferase-mediated PCR 

method adapted from Zubko et al., (2016), (Figure 7.3). 2 µl of gDNA with an approximate 

concentration of 150 ng/µl was diluted in TdT buffer and heated at 95 °C for 5 minutes. 9 µl diluted 

gDNA was mixed with 1 µl tailing mixture (0.5 µl TdT enzyme (20U/ µl), 1 µl 10xTdT buffer, 1 µl CoCl2, 
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1 µl 10 mM dCTP, 6.5 µl H2O) and heated to 37°C for 30 minutes followed by 10 minutes at 75 °C. 10 

µl of tailed DNA was mixed with 40 µl PCR mixture (22.2 µl H2O, 10 µl 5x GC buffer, 1 µl 10 mM dNTPs, 

2.5 µl Primer A, 2.5 µl Primer B, 1.5 µl DMSO and 0.3 µl Phusion Hot Start II Polymerase (Qiagen)). The 

terminal chromosomal ends of chromosome IX were amplified by PCR. See Supplementary Materials 

to Chapter 7 Table S7.1-S7.2 for the applied primers and PCR conditions. The telomere lengths were 

detected by gel electrophoresis with the following conditions: 1kb DNA ladder (NEB), 1 % agarose gel, 

SYBR® Safe DNA gel stain, 100 V for 30 minutes.  
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Figure 7.3: Schematic overview of the experimental workflow for measurement of telomere lengths. The C.U17 strain, 
Population 1, Population 2 and Population 3 were cultured in glucose-limited chemostats. 36 hours before onset of chemostat 
growth (-36 hours), samples were withdrawn and stored as glycerol stocks. After 371 hours of chemostat growth an additional 
sample from the C.U17 cultivation was withdrawn and stored. The samples were used for gDNA isolation and concentration. 
The extracted gDNA was tailed by terminal transferase and telomere ends of chromosome IX was PCR amplified. The length of 
the amplified telomere ends were determined by gel electrophoresis.   
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7.3.3 Chemostat cultivations with addition of succinylacetone and nicotinamide  

7.3.3.1 Chemostat cultivations and analysis 

Chemostat cultivations with the C.U17 strain were performed in 0.5 L fully instrumented and 

automatically controlled BIOSTAT® reactors (Sartorius Stedim Biotech S.A, Germany) as previously 

described in Wright et al., (2020), (Chapter 3). All conditions except the medium supplements were 

identical to our previous study. In short, a temperature of 28 oC, pH of 5.9, aeration rate of 2 vvm and 

dilution rate of 0.1 h-1 were applied. Cell dry weight and extracellular heterologous insulin were 

measured each day as previously described in Wright et al., (2020), (Chapter 3). Off-gas was measured 

in-line with a Prima δB mass spectrometer. Each day, samples for flow cytometry analysis were 

collected, treated and analysed by a Sony Cell Sorter SH800S as described in Chapter 6. The raw flow 

cytometry data (fcs files) were analyzed in the software environment R version 3.6.1 using the 

flowCore package (Ellis et al., 2020). Stacked density plots of the log2(FSC-A) distribution at different 

time points were constructed by application of the ggplot2 package in R (Wickham, 2016).  

7.3.3.2 Medium  

The cultivation medium was a minimal cultivation medium previously described by Seresht et al., 

(2013) with 75 g/L glucose and supplements of either 187.5 mM nicotinamide or 1.9 mM 

succinylacetone added to the medium. The concentrations of nicotinamide and succinylacetone in the 

medium were based on the concentrations applied in Li et al., (2020) and adjusted for the glucose 

concentration in the medium. Duplicated cultivations were performed with nicotinamide addition and 

succinylacetone addition and compared to the reference cultivations with minimal medium described 

in Chapter 3.   

7.4 Results & Discussion 

7.4.1 Bud scar staining 

WGA binds selectively to N-acetylglucosamine and sialic acid, and WGA can therefore be used to label 

bud scars in yeast. In this study, cells from early (60 hours of chemostat growth) and late (371 hours 

of chemostat growth) culture of duplicated cultivations with C.U17 were stained with WGA. Thus, the 

fluorescent intensity of each cell correlated positively with the number of bud scars, i.e. the replicative 

age of the cell. Due to the pseudohyphal growth of approximately a third of the population in the late 

phase of the chemostat cultures, it was not possible to use flow cytometry for the analysis. The FACS 

treated the single cells and pseudohyphal growing cells as single particles and the fluorescent signal 
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from bud scar staining would therefore always be higher from pseudohyphal growing cells. Instead, 

we applied image flow cytometry where it was possible to detect the fluorescent signal from single 

cells even for cells exhibiting pseudohyphal growth and being attached to each other. A large amount 

of debris was detected using this approach. Therefore, the raw data were gated to exclude debris, 

resulting in only particles with an Aperture-Cell-Area above 25 and an Aperture-Cell-Intensity above 

100 being included in the analysis. This resulted in the identification of 7,733 - 19,419 cells in each of 

the analysed samples (Supplementary Materials to Chapter 7, Figure S7.2).  

 

 

Figure 7.4: Density plot of fluorescent intensity of CF@488A WGA stained culivation samples from early (60 hours of chemostat 
growth) and late cultivation (371 hours of chemostat growth) of replicated cultivations. Negative controls from each time point, 
which were not stained by WGA are included in the plot. The fluorescent intensity correlates positively with the number of bud 
scars and represents the replicative age of the cells. The fluorescent intensity of the cells was detected by a Xcyto5 quantitative 
cell imager (Chomometec). 7,733-19,419 cells were identified in each sample after removal of debris. 

 

The observed fluorescence signal from the stained cells was reproducible between replicates (Figure 

7.4). The mode of the florescence intensity was higher in the late cultivation samples compared to the 
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early cultivation samples (Table 7.1). This indicates that a larger number of cell had an increased 

number of bud scars in the late cultivation samples compared to early cultivation samples. The cell 

distribution of early cultivation samples showed a right skew (the skewness was positive) whereas the 

cell distribution of late cultivation samples was left skewed (the skewness was negative) (Table 7.1). 

The skewness of a population distribution can give information about potential subpopulations 

adjacent to the main population (Heins et al., 2019) and indeed two populations could be detected in 

the late cultivation samples with respect to fluorescent intensity (Figure 7.4). This may indicate that 

two populations with respect to replicative cell age arise over time in the chemostat cultivations. 

However, we observed a high autofluorescence signal from the negative control cells close the signal 

of the stained cells (Figure 7.4) and a better separation between stained and non-stained cells is 

needed in order to make more definitive conclusions. Therefore, we suggest that the experiments 

may be re-run with a different fluorophore coupled to WGA that would result in a better separation. 

It may also be possible to perform further optimization of the staining protocol to get better 

separation, e.g. increasing the staining time and concentration of WGA.  

 

Table 7.1: Quantification of bud scar distribution of cells stained with CF@488A WGA from early (60 hours of chemostat 
growth) and late cultication samples (371 hours of chemostat growth). The standard deviations are obtained from biological 
duplicates. 

Parameter Early sample  

(60 hours) 

Late sample  

(371 hours) 

Mean of log2(fluorescent intensity) 10.95 ± 0.05 10.59 ± 0.11 

Mode of log2(fluorescent intensity) 10.31 ± 0.12 11.67 ± 0.10 

Skewness  of log2(fluorescent intensity) 0.64 ± 0.17 - 1.08 ± 0.01 

Peak width of log2(fluorescent intensity) 10.15 ± 0.75 9.05 ± 0.65 

 

7.4.2 Detection of telomere lengths 

Telomere length is a molecular indicator of cellular aging in eukaryotes (Xu and Teixeira, 2019). In S. 

cerevisiae, telomeres are maintained by telomerase and S. cerevisiae strains with reduced telomerase 

activity display shorter telomeres and reduced replicative lifespans (Chen et al., 2009; Liu et al., 2019; 

Lundblad and Szostak, 1989).  Lundblad and Szostak, (1989) showed how a mutant S. cerevisiae stain 



115 

with a defect in telomere elongation (null alleles of EST1) had a senescence phenotype with a gradual 

loss of telomere lengths and progressive decrease of chromosomal stability over generation time. The 

strain had 100 bp shorter telomeres after 25 generations compared to a wild-type strain (Lundblad 

and Szostak, 1989).        

In this study, we detected the telomere lengths of chromosome IX by gel electrophoresis and 

compared the telomere lengths from the beginning of a cultivation with the recombinant C.U17 strain 

(36 hours before onset of chemostat growth) with the lengths in the end of a cultivation (after 371 

hours of chemostat culture). Moreover, we detected the telomere lengths in samples from 

cultivations with Population 1, Population 2, and Population 3 taken 36 hours before onset of 

chemostat growth (Figure 7.5).  

We obtained a clear band of around 6.0 kb in each of the investigated conditions (Figure 7.5). This 

band was approximately 2 kb larger than the expected band size (4082 bp), (Zubko et al., 2016). The 

difference between the expected and obtained band sizes may be related to differences in the 

genotype of the analysed strains but has to be verified by DNA sequencing of the bands. Based on the 

electrophoresis results, we were not able to detect any differences in telomere lengths between early 

and late cultures indicating that no significant telomere shortening took place over that time. 

Moreover, the lengths of telomeres from chromosome IX of Population 1, Population 2 and Population 

3 were indistinguishable. Based on the previous study with the mutant strain with a defect telomere 

elongation, we expected to see approximately 100 bp shorter telomeres in the evolved cells (Lundblad 

and Szostak, 1989).  

The telomeres from the three cell populations looked slightly shorter than the telomeres from the 

early and late cultivations (Figure 7.5). This difference is hard to explain and has to be confirmed by a 

more precise assay.  
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Figure 7.5: Detection of telomere lengths of chromosome IX for samples taken from a cultivation with Population 1, Population 
2 and Population 3 36 hours before onset of chemostat growth and from a cultivation with C.U17 36 hours before onset of 
chemostat growth (early cultivation) and after 371 hours of chemostat culture (late cultivation). MW markers: 1kb DNA ladder 
(NEB). Conditions for electrophoresis: 1 % agarose gel, SYBR® Safe DNA gel stain, 100 V for 30 minutes. 

 

7.4.3 Chemostat cultivations with addition of succinylacetone and nicotinamide  

Cultivations with addition of nicotinamide to the medium showed respiro-fermentative growth and 

ethanol was detected in the beginning of the continuous phase (Supplementary Materials to Chapter 

7, Figure S7.1). The dilution rate was therefore decreased from 0.1 h-1 to 0.08 h-1 after 50 hours of 

chemostat growth to avoid ethanol formation. The dilution rate was further decreased to 0.06 h-1 and 

0.05 h-1 after approximately 75 hours and 100 hours of chemostat culture due to ethanol detection. 

The respiro-fermenative metabolism resulted in lower biomass concentrations compared to the 

reference cultivation with minimal medium (Figure 7.6A). However, the insulin yield per cell dry weight 

remained similar to the reference (Figure 7.6B). Nicotinamide is a known precursor for synthesis of 

NAD+ (Cantó et al., 2015) and alterations in the cellular and mitochondrial levels of NAD+ can influence 

the value of the critical dilution rate for S. cerevisiae strains (Agrimi et al., 2011). This may explain the 

observed decrease in the critical dilution rate for the cultivations with nicotinamide addition. The cell 
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size distribution was relative stable throughout the cultivations with nicotinamide supplements and 

the majority of the cells had a particle size equal to Population 1 (Figure 7.7C,F). Based on our 

hypothesis, the addition of nicotinamide to the cultivation medium should result in a larger fraction 

of cells with increased particle size (pseudohyphae), (Figure 7.1C). We speculated that the cells in the 

cultivations, would not adapt towards the glucose-limited conditions, i.e. the growth of cells with 

particle sizes similar to Population 2 and Population 3 would not take place due to the respiro-

fermentative metabolism. In the study described in Chapter 6, cultivations were performed in a single-

compartment scale-down reactor system where a respiro-fermentative metabolism was imposed by 

intermittent feeding (Chapter 6). In these cultivations, a stable cell size distribution was also found. 

However, a stable insulin yield was observed in the scale-down reactor system, which was not the 

case in the cultivations with nicotinamide addition (Figure 7.6B). 

No differences were observed between cultivations with succinylacetone addition and the reference 

cultivations, and the addition of succinylacetone did not influence the cell size distribution as 

measured by flow cytometry (Figure 7.6, Figure 7.7B,E). Based on our hypothesis, we had expected a 

larger fraction of cells with particle sizes similar to Population 1 in the cultivations with succinylacetone 

addition (Figure 7.1C).     

 

 

Figure 7.6: Biomass concentration (A) and insulin yield per biomass (B) as function of cultivation time for dublicated cultivations 
performed with minimal medium (reference), minimal medium with supplements of succinylacetone and minimal medium with 
supplements of nicotinamide.  
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Figure 7.7: Distribution of cells with FSC-A corresponding to Population 1 (log2(FSC-A) < 16.6), Population 2 (16.6 < log2(FSC-
A) < 17.7) or Population 3 (log2(FSC-A) > 17.7) at different time points during duplicated cultures with minimal medium 
(reference) (A+D), minimal medium with addition of succinylacetone (B+E) and minimal medium with addition of nicotinamide 
(C+F). A,B,C: Fraction of cells with a FSC-A corresponding to each of the three populations as function of cultivation time. D,E,F: 
Density plot of log2(FSC-A) at different cultivation times. 100,000 cells were analysed at each time point. Figure 7.7A,B are 
reproduced from Chapter 6 for convenience. 



119 

7.5 Conclusion and perspectives 

In this study, we tested the hypothesis that replicative cell aging or a mechanism similar to cell aging 

occurred over time in the chemostat cultivations performed in the single-compartment system. 

Unfortunately, none of the results obtained in this study could be used to clearly reject or accept the 

hypothesis. 

The mode of the fluorescence intensity from the bud scar stained cells was slightly higher in late 

cultivation samples compared to early cultivation samples. This indicates that a larger number of cells 

had an increased number of bud scars in late cultivation and points to a confirmation of the aging 

hypothesis. However, the bud scar staining experiment should be repeated with another fluorophore 

conjugated to WGA to get a clearer separation between the autofluorescence signal of the cells and 

the fluorescence signal from the bud scars before any conclusion can be made. Moreover, it would be 

interesting to perform a time course analysis of the bud scars to see how the bud scar distribution 

progresses as a function of cultivation time.  

We detected the telomere lengths of chromosome IX by electrophoresis and found no evidence that 

telomere shortening occurs over time in the chemostat cultivations. The accuracy of the 

electrophoresis detection method is low due to the large band sizes of the amplified gDNA fragments. 

It would therefore be interesting to measure the telomere lengths by a more accurate detection 

method. The sensitivity in the telomere length analysis applied in this study can for instance be 

enhanced by application of a restriction enzyme digestion to cut the telomeric amplicons into smaller 

sizes (Zubko et al., 2016). Moreover, we will have to confirm the obtained bands by DNA sequencing. 

It would also be interesting to measure the telomere lengths for more of the S. cerevisiae 

chromosomes as intraclonal variation in telomere lengths can be found (Xu and Teixeira, 2019). 

We hypothesized that the FACS sorted populations described in Chapter 6 were aged cells, aged by 

either mitochondrial decline (Population 1) or by loss of chromatin silencing (Population 2 and 

Population 3), but we were not able to confirm this hypothesis with the results generated in this study. 

Nevertheless, we still believe that this is a hypothesis, which should be tested further. In the study by 

Li et al., (2020), reporter strains with fluorescence dyes were used to characterize and distinguish the 

two aging phenotypes. It would be interesting to incorporate these biosensors in the C.U17 strain to 

see whether characteristics other than the cell morphology can be used to separate the three 

observed populations. Li et al., (2020) found that knock-out strains with SIR2 gene deletion (sir2Δ) 

mainly aged via chromatin silencing loss whereas strains with HAP4 deleted (hap4Δ) aged via 

mitochondrial decline. According to our hypothesis, Population 1 should therefore have higher levels 

of the protein Sir2p whereas Population 2 and Population 3 should have higher levels of Hap4p. We 
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searched in the intracellular proteome data generated in Chapter 6 but unfortunately, neither Sir2p 

nor Hap4p were detected. It would therefore also be interesting to replicate the experiments in 

Chapter 6 and measure the expression levels of these two proteins in the different populations to test 

the hypothesis. Another approach would be to introduce the hap4Δ and sir2Δ deletions in the C.U17 

strain and run new chemostats with those mutant strains. Finally, different medium concentrations of 

succinylacetone and nicotinamide can be tested to see whether this influences the distribution of cells 

with respect to morphology and particle size. The findings from the study by Li et al., (2020) with 

perturbations of succinylacetone and nicotinamide were related to cultivations conducted in a 

microfluidic device. The findings may therefore be lost in the translation to chemostat cultivations. 

A general weakness of the aging hypothesis is that it fails to explain the occurrence of aging in a 

chemostat when the reactor volume is replaced every 10th hour on average. The damage, which occurs 

to the cells during replicative aging, accumulates in the mother cells by the nature of asymmetric cell 

division.  However, symmetric division between old mother cells and daughter cells can occur and has 

been shown in 30 % of mothers undergoing their last cell division (Kennedy et al., 1994). Therefore, 

symmetric division may explain why a mechanism similar to replicative aging might potentially occur 

in the chemostat as the mother cells may pass on some of the age-associated damage. Therefore, it 

would be interesting to perform a time course analysis of the mitochondrial function and, e.g. measure 

ROS or oxidative stress. Finally, as described in Chapter 3, epigenetic changes may also explain the 

observed phenomena and it would be interesting to investigate this further for instance by the 

measurement of histone modifications.        
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 A genome scale metabolic modelling 

approach to study heterologous insulin production in 

Saccharomyces cerevisiae 

This chapter represents a study where we investigate whether the difference in insulin yield between 

the FACS sorted populations described in Chapter 6 can be related to bottlenecks in intracellular 

fluxes. The manuscript is currently not intended for publication in a scientific journal. The chapter is 

authored by Naia Risager Wright, Benjamín Sánchez, Nanna Petersen Rønnest and Nikolaus 
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8.1 Abstract 

In Chapter 6, we showed how the FACS sorted subpopulations from the end of a chemostat culture 

with Saccharomyces cerevisiae C.U17 differ with respect to heterologous insulin yield and intracellular 

proteome when cultured in reinitiated chemostat cultures. The aim of this study is to investigate 

whether the difference in insulin yield could be caused by bottlenecks in intracellular fluxes. 

Moreover, we sought to identify differences in active fluxes between the two populations. 

For this purpose, we constrain an enzyme-constrained genome-scale metabolic model of S. cerevisiae 

with the proteomics datasets obtained in Chapter 6 for Population 1 and Population 2 by application 

of the GECKO framework. 

The constrained genome-scale metabolic models are not able to predict the difference in insulin yield 

between the two strains. It is therefore concluded that the difference in insulin yield is not caused by 

bottlenecks in intracellular fluxes, but rather by other cellular mechanisms involved in the 

heterologous protein expression such as plasmid retention or transcriptional regulation.   

8.2 Introduction 

In chapter 6, we showed how FACS sorted subpopulations from the end of a chemostat culture with 

Saccharomyces cerevisiae C.U17 differ in their intracellular proteome and heterologous insulin 

production when reinitiated in new chemostat cultivations.  

Several cellular processes integrating hundreds of proteins are involved in the expression of 

heterologous proteins in S. cerevisiae (Nielsen, 2013) and can thereby influence the amount of insulin 

produced. These processes include plasmid amplification and retention, transcriptional regulation, 

translation including the availability of amino acids, and the secretory pathway (Figure 8.1).   
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Figure 8.1: Highlights of intracellular processes involved in heterologous insulin production in a recombinant S. cerevisiae strain.  

 

In Chapter 3, we described how the abundance of proteins involved in amino acid synthesis changed 

over time in the single-compartment system. In this chapter, we present a study aimed at investigating 

whether the difference in insulin production between Population 1 and Population 2 can be explained 

by bottlenecks in intracellular fluxes. These bottlenecks could either be related to the amino acid 

biosynthesis or more distant pathways leading to lower availability of amino acids for insulin 

production. Moreover, we seek to identify differences in active fluxes between the two populations. 

For this purpose, we constrain a genome-scale metabolic model (GEM) with the proteomic datasets 

obtained for the two populations. 

A GEM connects knowledge from genes, proteins and reactions and can be used to simulate and 

predict the phenotype and metabolism of a particular organism of interest under specified conditions 

(Lu et al., 2019). Thus, GEMs can be applied for estimation of theoretical maximum yields, 

determination of heterologous production pathways and for in silico strain and medium designs 

(Brochado et al., 2010; Lopes and Rocha, 2017; Meadows et al., 2016; Pereira et al., 2016; Torres et 

al., 2019). GEMS are also useful tools for the analysis of large multi-omics datasets (Lahtvee et al., 

2017; Tian and Reed, 2018).  

Several studies have used GEMs to predict the impact of specific gene knockouts or knock-ins on the 

production of recombinant products (Brochado et al., 2010; Meadows et al., 2016; Nocon et al., 2014; 

Oddone et al., 2009). The production of a recombinant protein is typically incorporated into the GEMs 
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by the insertion of the protein synthesis reaction or a set of heterologous pathways associated to the 

protein formation, substrate transport and energy generation (Zeng and Yang, 2019).  

The first GEM of S. cerevisiae was published almost 20 years ago in 2003 and was the first genome-

scale reconstruction of an eukaryotic organism (Forster, 2003). It laid the foundation for the later 

consensus GEM of the yeast constructed in a joint collaboration between several research groups 

(Herrgard et al., 2008). The latest release of the consensus S. cerevisiae GEM is Yeast8, which also 

includes a model ecosystem around the GEM for instance the ecYeast8 model with incorporated 

enzyme constraints (Lu et al., 2019; Sánchez et al., 2017).     

In the enzyme-constrained model, ecYeast8, a metabolic flux is constrained by the intracellular 

concentration of the corresponding enzyme multiplied by its turnover number (𝑘𝑐𝑎𝑡) as illustrated in 

Figure 8.2. The model has previously been used, e.g. for estimation of relative pathway usage of S. 

cerevisiae under nitrogen and carbon-limited conditions (Yu et al., 2020) and for prediction of the 

Crabtree effect which traditional GEMs are unable to reproduce (Sánchez et al., 2017).  

 

 

Figure 8.2: Framework for the ecYeast8 model. A and B refers to metabolites, E refers to enzyme, v to metabolic flux and e to 
the enzyme usage. The figure is reconstructed from Sánchez et al. (2017). 

 

In this study, we constrain the ecYeast8 model with our proteomics data sets to generate a GEM of 

Population 1 and Population 2 respectively. We use the constrained models to estimate the theoretical 

maximum insulin yields for each of the two populations under chemostat conditions.     
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8.3 Materials and Methods  

8.3.1 Model construction 

The ecYeast8 model version 8.3.4 was downloaded from the SysBioChalmers github repository found 

at https://github.com/SysBioChalmers/ecModels/tree/master/ecYeastGEM/model, 2020-06-26. All 

simulations were performed in MATLAB® R2017b.   

8.3.1.1 Incorporation of heterologous insulin 

The heterologous insulin production was incorporated into the ecYeast8 model by a stoichiometric 

reaction based on the amino acid sequence of the insulin molecule and an exchange reaction (Figure 

8.3). 

 

 

Figure 8.3: Reactions for incorporation of heterologous insulin into the ecYeast8 model. 1) Stoichiometric reaction for 
production of insulin based on the amino acid sequence of the insulin molecule. Letters indicate the amino acid one letter code, 
2) Exchange reaction. 

 

8.3.1.2 Proteomics integration 

The relative proteomic measurements are described in Chapter 6. In brief, the C.U17 S. cerevisiae 

strain was grown for 30 generations under glucose-limited chemostat conditions. After 30 generations 

of chemostat growth, a bulk sample was FACS sorted into three different populations based on particle 

size. The FACS sorted populations, Population 1 and Population 2, were reinitiated in duplicated 

chemostats and, after 48 hours of chemostat growth, biomass for proteome analysis was collected. 

https://github.com/SysBioChalmers/ecModels/tree/master/ecYeastGEM/model
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Intracellular proteins were quantified by label‐free quantification using liquid chromatography on a 

CapLC system (Thermo Fisher Scientific) coupled to an Orbitrap Q‐exactive HF‐X mass spectrometer 

(Thermo Fisher Scientific). The abundance of each protein was reported as the relative intensity with 

respect to total intensity of all identified peptides.  

The relative enzyme abundances in the proteomic datasets of Population 1 and Population 2 were 

incorporated into the ecYeast8 model based on the assumption that the measured relative abundance 

levels (𝐴𝑖[𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑]) were proportional to the abundance levels in mmol/gDW (𝐴𝑖 [
𝑚𝑚𝑜𝑙

𝑔𝐷𝑊
]): 

 

 

𝐴𝑖 [
𝑚𝑚𝑜𝑙

𝑔𝐷𝑊
] ~

𝐴𝑖[𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑] ∙ 𝑀𝑊𝑖

∑ 𝐴𝑖[𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑] ∙ 𝑀𝑊𝑖
𝑃
𝑖

∙
0.4𝑔

𝑝𝑟𝑜𝑡𝑒𝑖𝑛
𝑔𝐷𝑊

𝑀𝑊𝑖
∙ 0.8 

 

 

(8.1) 

Where 𝑀𝑊𝑖 is the molar mass of protein i, and P is the number of measured proteins. We assumed 

that the total protein content was 0.4 g/gDW and that 80 % of the total cell proteome was measured.  

Each enzyme usage in the model (𝑒𝑖) was bound by: 

 

 𝑒𝑖 ≤ 𝜇𝑖 + 𝜎𝑖 

 

 

(8.2) 

 

Where 𝜇𝑖  is the mean and 𝜎𝑖 is the standard deviation of the concentration of enzyme i, after 48 hours 

of chemostat growth. Only enzymes with measured relative abundance levels above 107 were 

constrained in the model. The proteins were integrated into the model by application of the 

generate_protModels function in the GECKO framework (Sánchez et al., 2017) with the parameters: 

growth rate of 0.1 h-1, glucose uptake rate of 1.4 mmol/gDW/h and a total protein content (𝑃𝑡𝑜𝑡𝑎𝑙) of 

0.4 g/gDW, matching the conditions in Chapter 6. 

Both models were overconstrained with respect to the provided growth rate (0.1 h-1) and no feasible 

solution could be determined. Therefore, the optimization problem was relaxed by increasing the 

exchange rate upper boundaries for 17 proteins in the proteomics dataset of Population 1 and 16 

proteins from the dataset of Population 2 using the integrated flexibilizeProteins function (See 

Supplementary Materials to Chapter 8, Table S8.1-S8.2, for the proteins with modified constrains). 

Proteins not included in the proteome datasets were constrained by the total amount of enzymes: 
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∑ 𝑀𝑊𝑖 ∙ 𝑒𝑖 ≤ 𝜎 ∙ 𝑓 ∙ 𝑃𝑡𝑜𝑡𝑎𝑙

𝑃

𝑖

 
 

(8.3) 

 

Where 𝑃𝑡𝑜𝑡𝑎𝑙  is the total protein content (g/gDW), f is the mass fraction of enzymes that are accounted 

for in the model (default value of 0.5) and 𝜎 represents the average in vivo saturation of all enzymes 

(Sánchez et al., 2017).  

8.3.2 Model simulations 

Chemostat growth was simulated by fixing the specific growth rate to 0.1 h-1. Enzymes were 

constrained as described in the previous section. The upper bound of the glucose uptake rate was 

limited to 1.4 mmol/gDW/h approximated based on chemostat cultivations with Population 1 and 

Population 2 in the single-compartment system at a dilution rate of 0.1 h-1 (Chapter 6). Moreover, the 

exchange rate upper bounds of CO2 and ethanol were limited to 3.5 mmol/gDW/h and 0.0 

mmol/gDW/h, respectively. To determine the theoretical maximum insulin yield of the two 

populations, insulin production was used as the objective function and the insulin maximization FBA 

problem was solved using the Gurobi LP solver (Gurobi Optimization, 2020). 

8.3.3 Gene ontology analysis 

The flux distribution solution of the two models were compared in a gene ontology (GO) analysis. We 

investigated whether predicted fluxes upregulated in the model of Population 1 compared to the 

model of Population 2 (log2 fold change > 0.5) were related to specific GO process terms (q-value 

<0.05). The analysis was likewise performed for fluxes upregulated in the model of Population 2 

compared to Population 1 (log2 fold change > 0.5). For the gene ontology analysis, we applied a one-

sided Fisher’s exact test using the R package bc3net. Gene ontology process terms were obtained on 

16 November 2020 from geneontology.org/annotation/sgd.gaf.gz. 

8.4 Results 

We constrained 493 out of 968 proteins in the ecYeast8 model for both model predictions. The 

incorporated protein constraints corresponded to a mass faction of the total protein mass of 0.62 for 

Population 1 and 0.59 for Population 2. We used the constrained models to predict the theoretical 

maximum yield of insulin in Population 1 and Population 2 and found that both strains had the same 

theoretical insulin yield. This was about 9 times higher than the experimental insulin yield measured 
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in chemostat cultivations with Population 2 (Figure 8.4). Thus, we were not able to predict the lower 

insulin yield observed for chemostat cultivations with Population 1. 

 

 

Figure 8.4: Theoretical insulin yield predicted by the protein constrained ecYeast8 GEM model and the experimental measured 
yield for chemostat cultivations with Population 1 and Population 2. The Experimental yield for Population 1 is ~0.1 mg/gDW 
and therefore barely detectable in the figure. 

 

Despite the fact that no difference in insulin yield could be found between the two constrained 

models, a difference in the flux distributions was found (Table 8.1 and Table 8.2). The results from the 

model simulation of Population 1 had higher fluxes through reactions related to for instance the 

oxidation-reduction process, the carbohydrate metabolic process, the glycolysis and gluconeogenesis 

(Table 8.1). This is in agreement with the differences observed in the measured proteome between 

the two populations (Chapter 6). On the other hand, fluxes related to for instance the methionine and 

cysteine biosynthetic processes were upregulated in the model simulation of Population 2 compared 

to Population 1, which could not be inferred from the experimental proteomics dataset (Table 8.2). 

The heterologous insulin is composed of six cysteine molecules, which may explain why this pathway 

is upregulated in the model simulation of Population 2. Nevertheless, the observed difference in flux 

distributions did not influence the insulin yield and differed due to the proteome differences of the 

two populations. The biomass yield in both model simulations were 0.43 gDW/g glucose and thereby 

also not affected by the flux distributions. The experimental biomass yield of Population 1 and 

Population 2 was 0.5 gDW/g glucose. 
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Table 8.1: GO process terms enriched by fluxes upregulated in the model simulation of Population 1 compared to Population 2 
(log2 fold change > 0.5, q-value < 0.05). The simulated insulin yield of Population 1 and Population 2 was 27.6 mg/gDW.  

GO term GO description 
Fluxes represented by gene 
names 

GO:0055114 Oxidation-reduction process FAS1, ZWF1, MDH1, FAS2, SDH2, 
MDH2, TRX2,  TRR1, SDH3, 
YJL045W, RNR4, GND2, ALD6, 
BNA2, MAE1    

GO:0006099 Tricarboxylic acid cycle FUM1, MDH1, ACO1, SDH2, 
MDH2, SDH3, CIT3, YJL045W 

GO:0005975 Carbohydrate metabolic process ZWF1, MDH1, MDH2, SOL3, RPE1, 
FBA1 

GO:0006098 Pentose-phosphate shunt ZWF1, TKL1, SOL3, RPE1, GND2 

GO:0006108 Malate metabolic process FUM1, MDH1, MDH2, MAE1 

GO:0009051 Pentose-phosphate shunt, oxidative branch ZWF1, SOL3, GND2 

GO:0006629 Lipid metabolic process FAS1, FAS2, FAA1, GPT2, ACC1 

GO:0055085 Transmembrane transport CTP1, SFC1 

GO:0008152 Metabolic process FAS1, PFK1, FAS2, ACC1 

GO:0006094 Gluconeogenesis TPI1, MDH2, FBA1 

GO:0006096 Glycolytic process TPI1, PFK1, FBA1 

GO:0006740 NADPH regeneration ZWF1, ALD6 

GO:0006631 Fatty acid metabolic process FAS1, FAS2, FAA1, ACC1 

 

  



132 

Table 8.2: GO process terms enriched by fluxes upregulated in the model simulation of Population 2 compared to Population 1 
(log2 fold change > 0.5, q-value < 0.05). The simulated insulin yield of Population 1 and Population 2 was 27.6 mg/gDW. 

GO term GO description 
Fluxes represented by gene 
names 

GO:0009086 Methionine biosynthetic process MET22, MET10, MET5, 
MET14, ADI1, MRI1, MDE1 

GO:0008652 Cellular amino acid biosynthetic process MET10, MET5, MET14, ADI1, 
MRI1, BAT1, MDE1 

GO:0055114 Oxidation-reduction process RNR2, TRX1, UGA2, MET10, 
MET5, ADI1, FMS1 

GO:0019509 L-methionine salvage from 
methylthioadenosine 

ADI1, MRI1, MEU1, BAT1, 
MDE1 

GO:0000103 Sulfate assimilation MET22, MET10, MET5, MET14 

GO:0009116 Nucleoside metabolic process PRS3, APT1, MEU1, PRS5 

GO:0016310 Phosphorylation PRS3, MET14, PRS5, PFK2 

GO:0015940 Pantothenate biosynthetic process SPE2, FMS1, SPE4 

GO:0019344 Cysteine biosynthetic process MET10, MET5, MET14 

GO:0006094 Gluconeogenesis FBA1, PYC2 

GO:0034599 Cellular response to oxidative stress TRX1, UGA2, GAD1 

GO:0005975 Carbohydrate metabolic process FBA1, PGM2 

GO:0006166 Purine ribonucleoside salvage APT1, MEU1 

GO:0009165 Nucleotide biosynthetic process APA1, PRS3, PRS5 

GO:0009450 Gamma-aminobutyric acid catabolic process UGA1, UGA2 

GO:0070814 Hydrogen sulfide biosynthetic process MET10, MET5, MET14 

GO:0044249 Cellular biosynthetic process PRS3, MRI1, PRS5 
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8.5 Discussion 

The results illustrated in Figure 8.4 support that the difference in insulin yield between Population 1 

and Population 2 cannot be explained by a bottleneck in intracellular fluxes. This result is in alignment 

with the results described in Chapter 6, where we showed that the intracellular proteomes of the two 

populations approached each other over time during chemostat growth whereas the difference in 

insulin yield remained rather stable. Moreover, the predicted maximum yield for both populations 

was approximately 9 times higher than the yield measured in the laboratory (Figure 8.4). This indicates 

that other cellular processes limit insulin production in both populations (Figure 8.1). This could for 

instance be differences in plasmid copy number between Population 1 and Population 2 as 

hypothesised in Chapter 6.  

It might be useful to incorporate more cellular processes into the model, such as energetic cost of the 

insulin production, the burden associated with plasmid maintenance and the secretory pathway 

capacity. Feizi et al., (2013) developed a GEM that integrated all known processes involved in the yeast 

protein secretory machinery and it would be interesting to integrate this model with the constrained 

models of Population 1 and Population 2.  

The metabolic and proteomic burden of insulin production could be incorporated into the model by 

including insulin production in the overall protein constraints (equation 8.3). This has previously been 

done in a model of E. coli producing recombinant proteins (Zeng and Yang, 2019), though the 

incorporated fraction of proteome occupied for the synthesis and maintenance of the recombinant 

protein was fixed based on experimental results. To include heterologous plasmid maintenance and 

translation, reactions including nucleotides to represent the recombinant DNA and mRNA sequences 

could be incorporated into the model together with a relationship between DNA, mRNA, amino acids 

and heterologous protein as has been shown for heterologous protein production in Pichia pastoris 

by Sohn et al., (2010). Nevertheless, such relationships need to be based on experimental 

observations. Thus, we believe that it will be hard to get reliable predictions of the insulin yield from 

the models before more knowledge has been collected on the mechanisms influencing the dynamics 

of insulin production in the recombinant strain.   

Another approach that could also be used for mechanistic modelling of the insulin yield, is the use of 

kinetic models. Kinetic models typically consist of fewer reactions than GEMs and usually feature only 

a few metabolites. More detailed structured kinetic models of S. cerevisiae exist but they typically only 

feature a single pathway of interest (Kerkhoven et al., 2015). Recently, Tang et al., (2017) published a 

9-pool metabolic structured kinetic model for penicillin G production in Penicillium chrysogenum in 

which the most important intracellular metabolites were lumped into 5 pools and 4 intracellular 
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enzyme pools linked by 10 reactions. The model was not only used to simulate chemostat cultivations 

but also to simulate the effects of feast–famine conditions. It would be interesting to apply such a 

model for the strains investigated in this study. The model could be used to simulate the dynamics of 

insulin yield over time in both the single-compartment setup and in the two-compartment reactor 

setup applied in Chapter 3. However, we believe that several issues must first be addressed before a 

successful model can be constructed, for example resolving the relationship between plasmid copy 

number, transcriptional regulation and heterologous insulin yield.  

8.6 Conclusion 

Based on the model simulations described in this chapter, we can conclude that the difference in 

insulin yield observed between Population 1 and Population 2 (Chapter 6), was not caused by 

bottlenecks in intracellular fluxes. However, differences in flux distributions were found between the 

two model simulations. We suggest that more knowledge on the mechanisms influencing the 

dynamics of the insulin production must be collected before a successful mechanistic model can be 

constructed.   
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 Summary and future perspectives 

In this thesis, I showed how scale-down simulators, in-depth omics analysis and sensing of population 

heterogeneity can be applied to increase our knowledge of the complex interplay between the 

conditions in bioreactors and the cellular physiology of industrial production organisms.  

I initiated this work with the aim of increasing our knowledge and understanding of scale-up and scale-

down of recombinant insulin production in Saccharomyces cerevisiae during chemostat growth. It 

turned out that the key for better understanding of the scale-down phenomena is a fundamental 

understanding of the adaptation occurring over time in well-mixed chemostats. As presented in 

Chapter 3, time course analysis of the intracellular proteome of S. cerevisiae during chemostat growth 

revealed that both a wild-type and a recombinant strain undergo a reproducible global shift in their 

physiological state under prolonged glucose-limited conditions. This includes a drastic decrease in the 

insulin yield. The adaptation occurs faster and is larger in magnitude in the recombinant strain. This 

amplified adaptation might be related to the additional burden of the heterologous insulin production. 

The adaptation did not occur when the strains were exposed to feast-famine conditions and the 

heterologous insulin production remained stable for more than 250 hours of chemostat growth.  

I proposed different hypotheses in an attempt to understand the mechanisms behind the results 

presented in Chapter 3 (Figure 9.1).  

One hypothesis suggested that the adaptation observed over time in the well-mixed chemostat was 

caused by genetic mutations. However, as outlined in Chapter 4 we found no evidence that this was 

the case.  
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Figure 9.1: Illustration of the scale-down phenomena observed in this thesis and the hypothesis tested in order to elucidate the 
mechanisms behind the phenomena. 
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Population heterogeneity has previously been shown during growth in chemostats and as suggested 

in Chapter 5 and disclosed in Chapter 6 it was found to be an important factor in the adaptation 

observed in the well-mixed chemostat setup. We found that three apparent phenotypes underlie the 

adaptive response observed at the bulk level for the recombinant strain differing with respect to 

morphology, heterologous insulin production and intracellular proteome allocation when reinitiated 

in chemostat cultures. We thereby discovered that the productivity loss observed under glucose-

limited conditions in the well-mixed chemostat is a result of population heterogeneity. We suggested 

that the occurrence of the three subpopulations was a reaction towards the selective pressure of the 

heterologous insulin production and the glucose-limited conditions. No population heterogeneity 

could be found when the strain was exposed to feast-famine conditions in a scale-down reactor 

system. These results support our previous findings in Chapter 3 where no adaptation at the average 

population level was found under feast-famine conditions. We suggested that the beneficial effects of 

the feast-famine conditions are related to the same phenomena increasing healthy lifespan and 

extending longevity in organisms exposed to intermittent fasting (de Cabo and Mattson, 2019; Longo 

and Mattson, 2014; Maslanka and Zadrag-Tecza, 2019). During fasting, cells activate defences against 

oxidative and metabolic stress and increase activity of pathways that remove and repair damaged 

molecules (Maslanka and Zadrag-Tecza, 2019). This suggests that the feast-famine conditions reduce 

the oxidative stress generated due to the heterologous expression and thereby reduce the selective 

pressure of the insulin production. Moreover, the cells will not adapt towards the glucose-limited 

conditions in the scale-down reactor system due to the respiro-fermentative metabolism. 

The detection of three adaptive subpopulations in the well-mixed chemostat suggested that I might 

have to look for three mechanisms instead of one in my attempt to reveal the cause of the adaptation 

occurring in the well-mixed chemostat. I hypothesised that the mechanisms could be related to 

replicative aging, but as described in Chapter 7, the tests of this hypothesis have resulted in 

inconclusive results so far. More experiments are therefore needed in order to confirm or reject the 

hypothesis.  

We also constrained a genome-scale metabolic model with the measured proteomes of two of the 

detected subpopulations to explore if the difference in insulin yield between the populations could be 

explained by bottlenecks in intracellular fluxes. However, as shown in Chapter 8, we were not able to 

predict the difference in insulin yield of the two populations by the constrained models.  

In conclusion, the results presented in this thesis revealed that feast-famine conditions can be 

beneficial for heterologous protein production in chemostats as they prevent adaptation and 

phenotypic differentiation of the production strain. This means that large-scale production conditions 
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are beneficial for the insulin production process. This is an atypical case as most scale-down studies in 

literature report negative effects of imposed glucose fluctuations. The frequency and magnitude of 

these fluctuations are often worst-case scenarios (Wang et al., 2020) and I suggest testing other 

production strains in scale-down systems similar to the ones described in this thesis.       

The exact mechanism behind the adaptive phenomenon is still unresolved and future work may focus 

on further elucidation of the mechanism. This work could include an additional exploration of the 

aging hypothesis at the single-cell level, e.g. by single-cell omics analysis and by the construction and 

application of reporter strains or specific fluorescence dyes. Moreover, it would be interesting to 

characterize the phenotype of the observed populations further, e.g. by measurements of plasmid 

copy number and a more detailed examination of morphology and cellular organelles. I also propose 

that epigenetics may play a role in the mechanism and this line of study would also be interesting to 

follow.  

An elucidation of the mechanism behind the adaptive phenomenon described in this study could help 

to increase the understanding of scale-up and scale-down of heterologous microbial production 

processes. This understanding could for instance be used to construct a computational framework 

composed of a biological model reproducing the cellular mechanisms of the production host and a 

reactor model describing mixing in a bioreactor. The tool may thereby be used to predict the 

performance in production reactors based on laboratory experiments and, e.g. predict at which 

volume the stabilizing effect of the feast-famine regime sets in. Thus, it may be used as a tool for 

rational guidance of scale-up of cultivation processes. However, a proper mechanistic model of the 

production host is required before such a tool can be established. Our studies have illustrated that 

heterologous insulin production is a complicated process that currently is hard to model. To be able 

to pursue the mechanistic modelling approach a better understanding of the relationship between 

plasmid copy number, transcriptional and translational regulation and the heterologous insulin 

expression is needed.  

A better understanding of the mechanisms behind the adaptive phenomenon may reveal new targets 

for metabolic engineering of production strains or process optimization. It would for instance be 

relevant to investigate whether in-line flow cytometry in combination with feedback controlled 

glucose pulses can be used to control adaptation in chemostats and thus increase the productivity of 

production processes. This could be done in a setup similar to the segregostat described in Sassi et al. 

(2019).  

While I have focused on heterologous protein production in this thesis, the results may also be 

relevant for studies within public health and nutrition, where S. cerevisiae is used as a model organism 
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to examine human health and longevity. Our results support findings from studies within this area 

where wide-ranging health benefits of intermittent fasting have been found (de Cabo and Mattson, 

2019).  

With this study, I have improved our knowledge and understanding of the interplay between the 

environment in production reactors and the physiology of production hosts. Even though, further 

studies are needed to elucidate the exact mechanisms behind the phenomena described in this thesis, 

our studies have shed light on important cellular behaviour that are highly relevant for both the 

industrial and scientific community. This new knowledge may in the future lead to better design and 

scale-up of industrial production processes.  

I will end this thesis where I started with a statement declaring that natural sciences are essential for 

our lives and wellbeing. I hope that I with this thesis have increased the understanding and fascination 

for process development and scale-up and made it clear why research within these areas are 

extremely important.  
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Supplementary materials 

Supplementary materials – residual glucose concentrations and glucose gradients 
The residual glucose concentrations throughout the cultivation period for three biological 

replications in the single-compartment system and three biological replications in the two-

compartment system for both the recombinant and the wild-type strain can be found in Figure S1. It 

is observed that the residual glucose concentration was higher in Tank 1 of the two-compartment 

system comparted to Tank 2. 

 

Figure S1:  A: Residual glucose concentration measured in three cultivations with the recombinant strain in the single 
compartment system. B: Residual glucose concentration measured in three cultivations with the recombinant strain in the 
two-compartment system. Open circles are measurements in Tank 1 of the two-compartment system. Black squares are 
measurements in Tank 2 of the two-compartment system. C: Residual glucose concentration in three cultivations with the 
wild-type strain in the single compartment system. D: Residual glucose concentration in three cultivations with the wild-
type strain in the two-compartment system. Open circles are measurements in Tank 1 of the two-compartment system. 
Black squares are measurements in Tank 2 of the two-compartment system. 

The glucose gradients in the two-compartment system can be further verified by comparison of time 

scales. Glucose gradients will occur in the two-compartment system if tglc < tmix, where tglc is the 

turnover time of glucose and tmix is the mixing time in the system. 

The mixing time in the two-compartment system (tmix) has been measured according to (Poulsen & 

Iversen, 1997) and is here defined as the time required for achieving 95 % of homogeneity after a 

tracer pulse has been added to the bioreactor system. At a pump velocity of 170 g/minute of the 

pump pumping between the two reactors (applied in this study), the mixing time in the systems was 

determined to 30 seconds. 
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The glucose uptake rate in the system can be calculated from Michalis-Menten kinitics: 

𝑞𝑔𝑙𝑐 = 𝑞𝑔𝑙𝑐,𝑚𝑎𝑥 ∗
𝐶𝑔𝑙𝑐

𝐾𝑔𝑙𝑐 + 𝐶𝑔𝑙𝑐
 

Where 𝑞𝑔𝑙𝑐 is the glucose uptake rate, 𝑞𝑔𝑙𝑐,𝑚𝑎𝑥 is the maximum glucose uptake rate, 𝐶𝑔𝑙𝑐 is the 

residual glucose concentration and 𝐾𝑔𝑙𝑐 is the Michaelis-Menten constant for glucose. 

At nutrient limited conditions (Cglc << Kglc) the turnover time of glucose (𝑡𝑔𝑙𝑐) can be calculated from: 

𝑡𝑔𝑙𝑐 =
𝐶𝑔𝑙𝑐

𝑅𝑔𝑙𝑐
=

𝐶𝑔𝑙𝑐

𝑞𝑔𝑙𝑐 ∗ 𝐶𝑥
=

𝐾𝑔𝑙𝑐

𝑞𝑔𝑙𝑐,𝑚𝑎𝑥 ∗ 𝐶𝑥
 

Applying a biomass concentration (𝐶𝑥) of 33 g/L, a Kglc of 0.17 g glc/L (Carlsen, Jochumsen, Emborg, 

& Nielsen, 1997) and a qglc,max of 1.45 g glc/gDW/h (Carlsen et al., 1997), tglc can be approximated to 

13 seconds.  

According to the above calculations glucose gradients will occur in the two-compartment system 

since tglc (13 s) < tmix (30 s). 

 

Supplementary materials – Biomass concentration 

 

Figure S2: Biomass concentration as function of cultivation time for three biological replicates of the wild-type strain 
cultivated in the two-compartment system (blue filled squares) and the single-compartment system (green open circles). 

The average biomass concentration in continuous phase for cultivations in the single-compartment 
system and in the two-compartment system for both strains can be found in Table S1. The average 
biomass concentration is slightly lower in the two-compartment system. This difference is confirmed 
by a two-sided t-test (Table S1, p-value <0.01). 
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Table S1: Average biomass concentration during the continuous phase for three cultivations in each system with the two 
strains. A two-sided t-test comparing the concentrations between the single-compartment system and the two-
compartment system has been performed and the p-values are reported in the table.     

 Recombinant strain Wild-type strain 

Single-compartment system 33.3 gDW/L 34.4 gDW/L 

Two-compartment system 31.6 gDW/L 33.3 gDW/L 

p-value based on two-sided t-test 0.0003 0.009 

 

Supplementary materials – CER, OUR, pO2 
In this section CER, OUR and pO2 measurements for three biological replicates in the single-
compartment system and three biological replication in the two-compartment system for both the 
recombinant strain and the wild-type strain are shown.  
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Figure S3: CER during three replications with the recombinant strain cultivated in the two-compartment sytem. A,C,E: 
measurements from tank 1 of the two-compartment system. B,D,F: measurements from tank 2 of the two-compartment 
system.   
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Figure S4: OUR during three replications with the recombinant strain cultivated in the two-compartment sytem. A,C,E: 

measurements from tank 1 of the two-compartment system. B,D,F: measurements from tank 2 of the two-compartment 

system.   
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Figure S5: Dissolved oxygen tension (pO2) during three replications with the recombinant strain cultivated in the two-
compartment sytem. A,C,E: measurements from tank 1 of the two-compartment system. B,D,F: measurements from tank 2 
of the two-compartment system. The electrode from tank 1 in one of the replicates (E) was defect. 
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Figure S6: CER during three replications of the wild-type strain cultivated in the two-compartment sytem. A,C,E: 
measurements from Tank 1 of the two-compartment system. B,D,F: measurements from Tank 2 of the two-compartment 
system. 
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Figure S7: Dissolved oxygen tension (pO2) during three replications with the wild-type strain cultivated in the two-
compartment sytem. A,C,E: measurements from Tank 1 of the two-compartment system. B,D,F: measurements from Tank 2 
of the two-compartment system. The electrode from Tank 1 in one of the replicates (E) was defect. 
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Figure S8: OUR during three replications with the wild-type strain cultivated in the two-compartment system. A,C,E: 
measurements from Tank 1 of the two-compartment system. B,D,F: measurements from Tank 2 of the two-compartment 
system. 
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Figure S9: CER during three replicates with the recombinant strain cultivated in the single-compartment system (A,C,E) and 
three replicates with the wild-type strain cultivated in the single-compartment system (B,D,F) 
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Figure S10: OUR during three replicates with the recombinant strain cultivated in the single-compartment system (A,C,E) 
and three replicates with the wild-type strain cultivated in the single-compartment system (B,D,F) 
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Figure S11: Dissolved oxygen tension (pO2) during three replicates of the recombinant strain cultivated in the single-
compartment system (A,C,E) and three replicates of the wild-type strain cultivated in the single-compartment system 
(B,D,F) 
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Supplementary materials – Cultivations with dilution rate of 0.2 h-1 
Two cultivations with the recombinant strain were carried out with a dilution rate of 0.2 h-1. All other 

culture conditions were identical with the description in the materials and methods section. Ethanol 

(measured in the offgas) is produced in both cultivations (Figure S12). In the two-compartment 

system all the medium is fed to Tank 1 with an overall dilution rate for the entire system of 0.1 h-1. 

With a constant volume ratio between the two reactors in the two-compartment system of 0.3 this 

corresponds to a local dilution rate in Tank 1 of 0.3 h-1. We therefore speculate that ethanol will be 

produced in Tank 1 of the two-compartment system though it could not be detected.   

 

Figure S12: A: Cell dry weight for two replicates with the recombinant strain in the single-compartment system with a 
dilution rate of 0.2 h-1. B,C: Ethanol production from two replications with the recombinant strain in the single compartment 
system with a dilution rate of 0.2 h-1. 
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Supplementary materials - Control cultivations in control two-compartment system 
Control cultivations with feed in both reactors of the two-compartment system were carried out to 

ensure that the observed phenotypes in the two-compartment system were related to the feast-

famine conditions and not the system itself. All other culture conditions were kept constant as 

described in the material and methods section. Figure S13 shows the residual glucose concentration 

during two cultivations with the recombinant strain in the control two-compartment system. As 

observed the glucose concentration in the two reactors are identical confirming that no glucose 

gradients are present in the system. Figure S14 shows the biomass, insulin and CER during 

cultivation in the two-compartment control system.  The decrease in insulin concentration happened 

later (after around 150 hours) of continuous cultivation compared to the single-compartment 

system. The later onset could be a consequence of the control cultivations being slightly less well 

mixed than the single-compartment system.  

 

Figure S13: Glucose concentration during two cultivations with the insulin production strain in the two-compartment control 
system with feed in both reactors. 
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Figure S14: Insulin concentration (A) and biomass concentration (B) for three biological replicates with the recombinant 
strain cultivated in control two-compartment system with feed in both compartments. CER (C) for a representative 
biological replicate of the recombinant strain cultivated in the control two-compartment system with feed in both 
compartments.  
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Supplementary materials – Proteomics samples 
The proteomics samples from cultivations with the recombinant strain and the wild-type strain were 

analyzed in two different proteomics batch runs. In the batch with the recombinant strain, 68 

samples were analyzed whereas 60 samples were analyzed in the batch with the wild-type strain. 

Out of these samples 5 were technical replicates from the run with the recombinant strain. Table S1 

and S2 show detailed information for the samples analyzed in each proteomic batch.  

Table S2: Detailed information of the analyzed proteomic samples from the proteomics batch with samples from the wild-
type strain. 

Sample no Cultivation 
equipment 

Reactor from which 
the sample is taken 

Cultivation time 
from start 
continuous phase 
[h] 

Strain ID Cultivation batch 
no. _sample_no 

Abundances 
(Normalized): F57: 
Sample 

Two 
compartment 
system 

Tank 1  215.24 C.U17  DCL134_Tank 1_P5 

Abundances 
(Normalized): F28: 
Sample 

Single 
compartment 
system 

 -  8.84 C.U17  DCL137_P1 

Abundances 
(Normalized): F45: 
Sample 

Single 
compartment 
system 

 -  111.28 C.U17  DCL137_P3 

Abundances 
(Normalized): F1: 
Sample 

Two 
compartment 
system 

Tank 1  27.95 CEN.PK113-
7D 

DCL139_tank1_P1 

Abundances 
(Normalized): F51: 
Sample 

Two 
compartment 
system 

Tank 1  79.31 CEN.PK113-
7D 

DCL139_tank1_P2 

Abundances 
(Normalized): F36: 
Sample 

Two 
compartment 
system 

Tank 1  125.81 CEN.PK113-
7D 

DCL139_tank1_P3 

Abundances 
(Normalized): F9: 
Sample 

Two 
compartment 
system 

Tank 1  168.18 CEN.PK113-
7D 

DCL139_tank1_P4 

Abundances 
(Normalized): F5: 
Sample 

Two 
compartment 
system 

Tank 1  215.78 CEN.PK113-
7D 

DCL139_tank1_P5 

Abundances 
(Normalized): F27: 
Sample 

Two 
compartment 
system 

Tank 1  267.97 CEN.PK113-
7D 

DCL139_tank1_P6 

Abundances 
(Normalized): F32: 
Sample 

Two 
compartment 
system 

Tank 2  28.03 CEN.PK113-
7D 

DCL139_tank2_P1 

Abundances 
(Normalized): F12: 
Sample 

Two 
compartment 
system 

Tank 2  79.41 CEN.PK113-
7D 

DCL139_tank2_P2 

Abundances 
(Normalized): F21: 
Sample 

Two 
compartment 
system 

Tank 2  125.91 CEN.PK113-
7D 

DCL139_tank2_P3 

Abundances 
(Normalized): F25: 
Sample 

Two 
compartment 
system 

Tank 2  168.26 CEN.PK113-
7D 

DCL139_tank2_P4 

Abundances 
(Normalized): F41: 
Sample 

Two 
compartment 
system 

Tank 2  215.69 CEN.PK113-
7D 

DCL139_tank2_P5 

Abundances 
(Normalized): F8: 
Sample 

Two 
compartment 
system 

Tank 2  268.07 CEN.PK113-
7D 

DCL139_tank2_P6 
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Abundances 
(Normalized): F38: 
Sample 

Two 
compartment 
system 

Tank 1  215.95 C.U17  DCL140a_tank1_P
5 

Abundances 
(Normalized): F48: 
Sample 

Single 
compartment 
system 

 -  33.92 C.U17  DCL141_P2 

Abundances 
(Normalized): F52: 
Sample 

Single 
compartment 
system 

 -  273.98 C.U17  DCL142_P7 

Abundances 
(Normalized): F2: 
Sample 

Two 
compartment 
system 

Tank 1  28.12 CEN.PK113-
7D 

DCL145_tank1_P1 

Abundances 
(Normalized): F46: 
Sample 

Two 
compartment 
system 

Tank 1  72.30 CEN.PK113-
7D 

DCL145_tank1_P2 

Abundances 
(Normalized): F59: 
Sample 

Two 
compartment 
system 

Tank 1  121.64 CEN.PK113-
7D 

DCL145_tank1_P3 

Abundances 
(Normalized): F35: 
Sample 

Two 
compartment 
system 

Tank 1  175.70 CEN.PK113-
7D 

DCL145_tank1_P4 

Abundances 
(Normalized): F14: 
Sample 

Two 
compartment 
system 

Tank 1  219.84 CEN.PK113-
7D 

DCL145_tank1_P5 

Abundances 
(Normalized): F56: 
Sample 

Two 
compartment 
system 

Tank 1  264.78 CEN.PK113-
7D 

DCL145_tank1_P6 

Abundances 
(Normalized): F53: 
Sample 

Two 
compartment 
system 

Tank 2  28.22 CEN.PK113-
7D 

DCL145_tank2_P1 

Abundances 
(Normalized): F4: 
Sample 

Two 
compartment 
system 

Tank 2  72.38 CEN.PK113-
7D 

DCL145_tank2_P2 

Abundances 
(Normalized): F44: 
Sample 

Two 
compartment 
system 

Tank 2  121.72 CEN.PK113-
7D 

DCL145_tank2_P3 

Abundances 
(Normalized): F37: 
Sample 

Two 
compartment 
system 

Tank 2  175.78 CEN.PK113-
7D 

DCL145_tank2_P4 

Abundances 
(Normalized): F6: 
Sample 

Two 
compartment 
system 

Tank 2  219.92 CEN.PK113-
7D 

DCL145_tank2_P5 

Abundances 
(Normalized): F29: 
Sample 

Two 
compartment 
system 

Tank 2  264.86 CEN.PK113-
7D 

DCL145_tank2_P6 

Abundances 
(Normalized): F33: 
Sample 

Two 
compartment 
system 

Tank 1  28.28 CEN.PK113-
7D 

DCL146_tank1_P1 

Abundances 
(Normalized): F54: 
Sample 

Two 
compartment 
system 

Tank 1  72.44 CEN.PK113-
7D 

DCL146_tank1_P2 

Abundances 
(Normalized): F50: 
Sample 

Two 
compartment 
system 

Tank 1  121.78 CEN.PK113-
7D 

DCL146_tank1_P3 

Abundances 
(Normalized): F3: 
Sample 

Two 
compartment 
system 

Tank 1  175.84 CEN.PK113-
7D 

DCL146_tank1_P4 

Abundances 
(Normalized): F26: 
Sample 

Two 
compartment 
system 

Tank 1  219.98 CEN.PK113-
7D 

DCL146_tank1_P5 
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Abundances 
(Normalized): F18: 
Sample 

Two 
compartment 
system 

Tank 1 264.92 CEN.PK113-
7D 

DCL146_tank1_P6 

Abundances 
(Normalized): F16: 
Sample 

Two 
compartment 
system 

Tank 2 28.38 CEN.PK113-
7D 

DCL146_tank2_P1 

Abundances 
(Normalized): F19: 
Sample 

Two 
compartment 
system 

Tank 2  72.52 CEN.PK113-
7D 

DCL146_tank2_P2 

Abundances 
(Normalized): F30: 
Sample 

Two 
compartment 
system 

Tank 2  121.86 CEN.PK113-
7D 

DCL146_tank2_P3 

Abundances 
(Normalized): F42: 
Sample 

Two 
compartment 
system 

Tank 2  175.92 CEN.PK113-
7D 

DCL146_tank2_P4 

Abundances 
(Normalized): F22: 
Sample 

Two 
compartment 
system 

Tank 2  220.06 CEN.PK113-
7D 

DCL146_tank2_P5 

Abundances 
(Normalized): F11: 
Sample 

Two 
compartment 
system 

Tank 2  265.00 CEN.PK113-
7D 

DCL146_tank2_P6 

Abundances 
(Normalized): F13: 
Sample 

Single 
compartment 
system 

 -  -12.64 CEN.PK113-
7D 

DCL150_P1 

Abundances 
(Normalized): F34: 
Sample 

Single 
compartment 
system 

 -  35.25 CEN.PK113-
7D 

DCL150_P2 

Abundances 
(Normalized): F43: 
Sample 

Single 
compartment 
system 

 -  90.19 CEN.PK113-
7D 

DCL150_P3 

Abundances 
(Normalized): F10: 
Sample 

Single 
compartment 
system 

 -  179.75 CEN.PK113-
7D 

DCL150_P5 

Abundances 
(Normalized): F55: 
Sample 

Single 
compartment 
system 

 -  231.22 CEN.PK113-
7D 

DCL150_P6 

Abundances 
(Normalized): F15: 
Sample 

Single 
compartment 
system 

 -  281.38 CEN.PK113-
7D 

DCL150_P7 

Abundances 
(Normalized): F39: 
Sample 

Single 
compartment 
system 

 -  -12.57 CEN.PK113-
7D 

DCL151_P1 

Abundances 
(Normalized): F40: 
Sample 

Single 
compartment 
system 

 -  35.31 CEN.PK113-
7D 

DCL151_P2 

Abundances 
(Normalized): F20: 
Sample 

Single 
compartment 
system 

 -  90.25 CEN.PK113-
7D 

DCL151_P3 

Abundances 
(Normalized): F31: 
Sample 

Single 
compartment 
system 

 -  179.81 CEN.PK113-
7D 

DCL151_P5 

Abundances 
(Normalized): F58: 
Sample 

Single 
compartment 
system 

 -  231.24 CEN.PK113-
7D 

DCL151_P6 

Abundances 
(Normalized): F49: 
Sample 

Single 
compartment 
system 

 -  281.43 CEN.PK113-
7D 

DCL151_P7 

Abundances 
(Normalized): F7: 
Sample 

Single 
compartment 
system 

 -  -12.47 CEN.PK113-
7D 

DCL152_P1 
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Abundances 
(Normalized): F17: 
Sample 

Single 
compartment 
system 

 -  35.37 CEN.PK113-
7D 

DCL152_P2 

Abundances 
(Normalized): F60: 
Sample 

Single 
compartment 
system 

 -  90.32 CEN.PK113-
7D 

DCL152_P3 

Abundances 
(Normalized): F24: 
Sample 

Single 
compartment 
system 

 -  179.88 CEN.PK113-
7D 

DCL152_P5 

Abundances 
(Normalized): F47: 
Sample 

Single 
compartment 
system 

 -  231.31 CEN.PK113-
7D 

DCL152_P6 

Abundances 
(Normalized): F23: 
Sample 

Single 
compartment 
system 

 -  281.51 CEN.PK113-
7D 

DCL152_P7 

 

Table S3: Detailed information of the analyzed proteomic samples from the proteomics batch with samples from the 
recombinant strain. 

Sample no Cultivation 
equipment 

Reactor from 
which the 
sample is taken 

Cultivation time from start 
continuous phase [h] 

Strain 
ID 

Cultivation batch 
no. _sample_no 

Abundances 
(Normalized): F1 

Two 
compartment 
system 

Tank 1  22.94 C.U17  DCL134_tank1_P1 

Abundances 
(Normalized): F2 

Two 
compartment 
system 

Tank 1  80.59 C.U17  DCL134_tank1_P2 

Abundances 
(Normalized): F3 

Two 
compartment 
system 

Tank 1  126.01 C.U17  DCL134_tank1_P3 

Abundances 
(Normalized): F4 

Two 
compartment 
system 

Tank 1  176.12 C.U17 DCL134_tank1_P4 

Abundances 
(Normalized): F5 

Two 
compartment 
system 

Tank 1  215.24 C.U17 DCL134_tank1_P5 

Abundances 
(Normalized): F6 

Two 
compartment 
system 

Tank 1  273.39 C.U17 DCL134_tank1_P6 

Abundances 
(Normalized): F7 

Two 
compartment 
system 

Tank 2  22.94 C.U17 DCL134_tank2_P1 

Abundances 
(Normalized): F8 

Two 
compartment 
system 

Tank 2  80.58 C.U17 DCL134_tank2_P2 

Abundances 
(Normalized): F9 

Two 
compartment 
system 

Tank 2  126.42 C.U17 DCL134_tank2_P3 

Abundances 
(Normalized): 
F10 

Two 
compartment 
system 

Tank 2  176.33 C.U17 DCL134_tank2_P4 

Abundances 
(Normalized): 
F11 

Two 
compartment 
system 

Tank 2  215.55 C.U17 DCL134_tank2_P5 

Abundances 
(Normalized): 
F12 

Two 
compartment 
system 

Tank 2  273.58 C.U17 DCL134_tank2_P6 

Abundances 
(Normalized): 
F13 

Single 
compartment 
system 

 -  36.77 C.U17 DCL135_P1 
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Abundances 
(Normalized): 
F14 

Single 
compartment 
system 

 -  82.49 C.U17 DCL135_P2 

Abundances 
(Normalized): 
F15 

Single 
compartment 
system 

 - 132.35 C.U17 DCL135_P3 

Abundances 
(Normalized): 
F16 

Single 
compartment 
system 

 - 171.88 C.U17 DCL135_P4 

Abundances 
(Normalized): 
F17 

Single 
compartment 
system 

 - 229.57 C.U17 DCL135_P5 

Abundances 
(Normalized): 
F18 

Single 
compartment 
system 

 - 274.15 C.U17 DCL135_P6 

Abundances 
(Normalized): 
F19 

Single 
compartment 
system 

 -  31.42 C.U17 DCL136_P1 

Abundances 
(Normalized): 
F20 

Single 
compartment 
system 

 - 70.74 C.U17 DCL136_P2 

Abundances 
(Grouped): F21 

Single 
compartment 
system 

 -  128.60 C.U17 DCL136_P3 

Abundances 
(Normalized): 
F22 

Single 
compartment 
system 

 - 173.18 C.U17 DCL136_P4 

Abundances 
(Normalized): 
F23 

Single 
compartment 
system 

 - 218.28 C.U17 DCL136_P5 

Abundances 
(Normalized): 
F24 

Single 
compartment 
system 

 - 261.09 C.U17 DCL136_P6 

Abundances 
(Normalized): 
F25 

Single 
compartment 
system 

 -  8.84 C.U17 DCL137_P1 

Abundances 
(Normalized): 
F26 

Single 
compartment 
system 

 -  60.40 C.U17 DCL137_P2 

Abundances 
(Normalized): 
F27 

Single 
compartment 
system 

 -  111.28 C.U17 DCL137_P3 

Abundances 
(Normalized): 
F28 

Single 
compartment 
system 

 - 156.15 C.U17 DCL137_P4 

Abundances 
(Normalized): 
F29 

Single 
compartment 
system 

 - 199.36 C.U17 DCL137_P5 

Abundances 
(Normalized): 
F30 

Single 
compartment 
system 

 - 256.71 C.U17 DCL137_P6 

Abundances 
(Normalized): 
F31 

Two 
compartment 
system 

Tank 1  27.46 C.U17 DCL138_tank1_P1 

Abundances 
(Normalized): 
F32 

Two 
compartment 
system 

Tank 1  79.25 C.U17 DCL138_tank1_P2 

Abundances 
(Normalized): 
F33 

Two 
compartment 
system 

Tank 1  125.66 C.U17 DCL138_tank1_P3 
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Abundances 
(Normalized): 
F34 

Two 
compartment 
system 

Tank 1  168.01 C.U17 DCL138_tank1_P4 

Abundances 
(Normalized): 
F35 

Two 
compartment 
system 

Tank 1  215.63 C.U17 DCL138_tank1_P5 

Abundances 
(Normalized): 
F36 

Two 
compartment 
system 

Tank 1  267.83 C.U17 DCL138_tank1_P6 

Abundances 
(Normalized): 
F37 

Two 
compartment 
system 

Tank 2  27.56 C.U17 DCL138_tank2_P1 

Abundances 
(Normalized): 
F38 

Two 
compartment 
system 

Tank 2 79.20 C.U17 DCL138_tank2_P2 

Abundances 
(Normalized): 
F39 

Two 
compartment 
system 

Tank 2  125.75 C.U17 DCL138_tank2_P3 

Abundances 
(Normalized): 
F40 

Two 
compartment 
system 

Tank 2  168.09 C.U17 DCL138_tank2_P4 

Abundances 
(Normalized): 
F41 

Two 
compartment 
system 

Tank 2  215.73 C.U17 DCL138_tank2_P5 

Abundances 
(Normalized): 
F42 

Two 
compartment 
system 

Tank 2  267.92 C.U17 DCL138_Tank 2_P6 

Abundances 
(Normalized): 
F43 

Two 
compartment 
system 

Tank 1  27.59 C.U17 DCL140a_tank1_P1 

Abundances 
(Normalized): 
F44 

Two 
compartment 
system 

Tank 1  79.53 C.U17 DCL140a_tank1_P2 

Abundances 
(Normalized): 
F45 

Two 
compartment 
system 

Tank 1  125.97 C.U17 DCL140a_tank1_P3 

Abundances 
(Normalized): 
F46 

Two 
compartment 
system 

Tank 1  168.32 C.U17 DCL140a_tank1_P4 

Abundances 
(Normalized): 
F47 

Two 
compartment 
system 

Tank 1  215.95 C.U17 DCL140a_tank1_P5 

Abundances 
(Normalized): 
F48 

Two 
compartment 
system 

Tank 1  268.13 C.U17 DCL140a_tank1_P6 

Abundances 
(Normalized): 
F49 

Two 
compartment 
system 

Tank 2  27.68 C.U17 DCL140a_tank2_P1 

Abundances 
(Normalized): 
F50 

Two 
compartment 
system 

Tank 2  79.62 C.U17 DCL140a_tank2_P2 

Abundances 
(Normalized): 
F51 

Two 
compartment 
system 

Tank 2  126.06 C.U17 DCL140a_tank2_P3 

Abundances 
(Normalized): 
F52 

Two 
compartment 
system 

Tank 2  168.41 C.U17 DCL140a_tank2_P4 

Abundances 
(Normalized): 
F53 

Two 
compartment 
system 

Tank 2  216.05 C.U17 DCL140a_tank2_P5 
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Abundances 
(Normalized): 
F54 

Two 
compartment 
system 

Tank 2  268.27 C.U17 DCL140a_tank2_P6 

Abundances 
(Normalized): 
F55 

Single 
compartment 
system 

 -  -10.23 C.U17 DCL141_P1 

Abundances 
(Normalized): 
F56 

Single 
compartment 
system 

 -  33.92 C.U17 DCL141_P2 

Abundances 
(Normalized): 
F57 

Single 
compartment 
system 

 - 83.25 C.U17 DCL141_P3 

Abundances 
(Normalized): 
F58 

Single 
compartment 
system 

 - 137.30 C.U17 DCL141_P4 

Abundances 
(Normalized): 
F59 

Single 
compartment 
system 

 - 181.45 C.U17 DCL141_P5 

Abundances 
(Normalized): 
F60 

Single 
compartment 
system 

 - 226.39 C.U17 DCL141_P6 

Abundances 
(Normalized): 
F61 

Single 
compartment 
system 

 -  273.98 C.U17 DCL141_P7 

Abundances 
(Normalized): 
F62 

Single 
compartment 
system 

 - -10.16 C.U17 DCL142_P1 

Abundances 
(Normalized): 
F63 

Single 
compartment 
system 

 -  34.00 C.U17 DCL142_P2 

Abundances 
(Normalized): 
F64 

Single 
compartment 
system 

 - 83.32 C.U17 DCL142_P3 

Abundances 
(Normalized): 
F65 

Single 
compartment 
system 

 - 137.37 C.U17 DCL142_P4 

Abundances 
(Normalized): 
F66 

Single 
compartment 
system 

 - 181.51 C.U17 DCL142_P5 

Abundances 
(Normalized): 
F67 

Single 
compartment 
system 

 -  226.45 C.U17 DCL142_P6 

Abundances 
(Normalized): 
F68 

Single 
compartment 
system 

 -  274.05 C.U17 DCL142_P7 

 

Proteomics samples were taken from both Tank 1 and Tank 2 in the two-compartment system. No 

significant differences were observed in the protein levels between the two reactors for both the 

recombinant and the wild-type strain (Figure S15 and Figure S16).  
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Figure S15: Protein abundances measured in Tank 2 as function of protein abundances measured in Tank 1 for each 
measured protein and sample from three biological replicates with the recombinant strain. 

 

Figure S16: Protein abundance measured in Tank 2 as function of protein abundance measured in Tank 1 for each measured 
protein and sample from three biological replicates with the wildtype strain.  

Table S4-Table S9 illustrate the differences between early cultivation state and late cultivations state 

in the abundances of several proteins during cultivations in the single-compartment system analysed 

by a two-sided t-test. 
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Table S4: Changes over time of proteins related to the uracil pathway for the recombinant strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

URA3 0.80 2.640099e-07 

PUS1 0.22 2.262484e-02 

URA6 0.40 9.922804e-06 

FUR1 0.86 1.403979e-03 

URA5 0.041 6.651053e-01 

PUS4 0.58 2.315256e-04 

FCY1 0.89 1.476176e-06 

 

Table S5: Changes over time of proteins related to the uracil pathway for the wild-type strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

URA3 0.00 0.012205 

PUS1 0.39 0.530921 

URA6 0.24 0.376356 

FUR1 0.00 0.000118 

URA5 0.65 0.758663 

PUS4 0.13 0.235705 

FCY1 0.34 0.480770 

 

Table S6: Changes over time of proteins related to the histidine pathway for the recombinant strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

HIS4 -1.15 3.791341e-08 
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HTS1 0.78 4.709334e-08 

HIS7 0.44 1.136110e-03 

HIS3 0.21 3.858988e-01 

PRS5 0.93 5.082243e-09 

PRS3 0.16 2.644220e-01 

HIS1 -0.67 2.130384e-06 

HIS5 0.08 4.525057e-01 

PRS1 0.57 2.343983e-04 

PRS4 1.01 1.924658e-06 

PRS2 0.87 3.454975e-04 

HIS6 0.34 2.860607e-02 

 

Table S7: Changes over time for proteins related to the histidine pathway for the wild-type strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

HIS4 0.00 0.000341 

HTS1 0.00 0.018161 

HIS7 0.01 0.027610 

PRS5 0.41 0.548673 

HIS5 0.02 0.057727 

PRS3 0.06 0.139034 

HIS3 0.03 0.074123 

HIS1 0.00 0.009201 

PRS1 0.05 0.110694 
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PRS4 0.535 0.660734 

PRS2 0.30 0.436813 

HIS6 0.32 0.456772 

 

Table S8: Proteins related to protein maturation and unfolded protein response identified by Seresht et al. (2013) which 
change over time in our data set (two-sided t-test, q-value < 0.05) for the recombinant strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

HSP82 -0.60 1.197842e-04 

SSE1 0.07 4.603918e-01 

SSB1 -0.14 1.691894e-01 

HSP60 0.63 1.304842e-07 

HSP78 -1.26 9.179156e-08 

KAR2 -0.01 8.638016e-01 

SSA3 -2.94 2.524012e-06 

ZUO1 0.80 4.518571e-10 

CDC37 0.53 7.385580e-06 

TCP1 0.51 1.511461e-04 

CCT4 0.43 1.397554e-06 

CCT7 0.37 3.304473e-03 

FPR3 0.88 7.371902e-05 

DJP1 0.92 9.325979e-10 

FPR4 1.01 2.081995e-03 

LHS1 -0.08 4.436229e-01 

GIM3 1.01 5.634256e-09 

AHA1 -0.50 2.439265e-04 

HCH1 0.09 2.047739e-01 

MCX1 0.60 2.382426e-03 

SCJ1 0.86 9.733251e-04 

COX20 -0.23 3.186433e-02 

FPR2 2.29 3.301278e-10 



DOI: 10.1002/bit.27353  WRIGHT ET AL. 

 

170 

BUD27 0.79 1.745217e-03 

CNS1 0.21 8.707091e-02 

ERO1 0.01 9.859640e-01 

VMA22 0.42 1.139953e-04 

VPS74 -0.08 8.572827e-01 

EUG1 0.70 8.184290e-05 

NOB1 1.23 7.033514e-05 

HLJ1 1.31 1.720747e-04 

SLT2 -0.31 8.042055e-02 

TAH1 0.92 5.663242e-05 

ZIM17 1.09 1.201599e-03 

PHO86 -0.11 7.029118e-01 

TCM62 -0.03 8.471863e-01 

JJJ3 0.31 2.349284e-01 

 

Table S9: Proteins related to protein maturation and unfolded protein response identified by Seresht et al. (2013) which 
change over time in our data set (two-sided t-test, q-value < 0.05) for the wild-type strain cultivated in the single-
compartment system. 

Gene Symbol Log2 fold change q-value 

SSA3 -1.90 0.006131 

CDC37 0.30 0.005284 

CCT4 0.16 0.001310 

CCT7 0.22 0.011614 

FPR3 0.58 0.000371 

FPR4 0.28 0.021511 

DJP1 0.61 0.000026 

HCH1 0.77 0.000062 

LHS1 0.33 0.048990 
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GIM3 0.40 0.011505 

FPR2 0.40 0.000814 

TAH1 0.63 0.005647 

XDJ1 -0.75 0.032547 

 

Figure S17-Figure S24 illustrate the relative abundances of enzymes related to the glycolysis, TCA 

cycle and pentose phosphate pathway for cultivations carried out in both the single-compartment 

and two-compartment system. 
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Figure S17: Relative protein abundances of glycolytic enzymes and glucose transporters over time in the 0.5L single-
compartment system (open circles) and in two-compartment system (filled squares) for three biological replicates of the 
recombinant strain. The samples presented from the two-compartment system were taken from tank 1. The abundances 
are scaled so the average across all the samples for a particular protein is 100. 
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Figure S18: Figure S17 continued. Relative protein abundances of glycolytic enzymes and glucose transporters over time in 
the 0.5L single-compartment system (open circles) and in two-compartment system (filled squares) for three biological 
replicates of the recombinant strain. The samples presented from the two-compartment system were taken from tank 1. 
The abundances are scaled so the average across all the samples for a particular protein is 100. 
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Figure S19: Relative protein abundances of glycolytic enzymes and glucose transporters over time in the 0.5L single-
compartment system (open circles) and in two-compartment system (filled squares) for three biological replicates of the 
wild-type strain. The samples presented from the two-compartment system were taken from tank 1. The abundances are 
scaled so the average across all the samples for a particular protein is 100. 
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Figure S20: Figure S19 continued. Relative protein abundances of glycolytic enzymes and glucose transporters over time in 
the 0.5L single-compartment system (open circles) and in two-compartment system (filled squares) for three biological 
replicates of the wild-type strain. The samples presented from the two-compartment system were taken from tank 1. The 
abundances are scaled so the average across all the samples for a particular protein is 100. 
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Figure S21: Relative protein abundances of enzymes in the CTA cycle in the 0.5L single-compartment system (open circles) 
and in two-compartment system (filled squares) for three biological replicates of the recombinant strain. The samples 
presented from the two-compartment system were taken from tank 1. The abundances are scaled so the average across all 
the samples for a particular protein is 100. 
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Figure S22: Relative protein abundances of enzymes in the CTA cycle in the 0.5L single-compartment system (open circles) 
and in two-compartment system (filled squares) for three biological replicates of the wild-type strain. The samples 
presented from the two-compartment system were taken from tank 1. The abundances are scaled so the average across all 
the samples for a particular protein is 100. 
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Figure S23: Relative protein abundances of enzymes in the pentose phosphate pathway in the 0.5L single-compartment 
system (open circles) and in two-compartment system (filled squares) for three biological replicates of the recombinant 
strain. The samples presented from the two-compartment system were taken from tank 1. The abundances are scaled so 
the average across all the samples for a particular protein is 100. 
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Figure S24: Relative protein abundances of enzymes in the pentose phosphate pathway in the 0.5L single-compartment 
system (open circles) and in two-compartment system (filled squares) for three biological replicates of the wild-type strain. 
The samples presented from the two-compartment system were taken from tank 1. The abundances are scaled so the 
average across all the samples for a particular protein is 100. 
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Figure S25: Relative protein abundances of YAP1p in the 0.5L single-compartment system (open circles) and in two-
compartment system (filled squares) for three biological replicates of the wild-type strain (B) and the recombinant strain 
(A). The samples presented from the two-compartment system were taken from tank 1. The abundances are scaled so the 
average across all the samples for a particular protein is 100. 
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Figure S26: GO process categories taken from GO slim list downloaded from SGD Project (2019, July 17). The plot compares 

early cultivation samples (<100 hours) and late cultivation samples (>200 hours) for the wild-type strain and the recombinant 

strain cultivated in the single-compartment system. Dots represents significantly changing proteins (robust linear regression 

model, q<0.05). A positive log fold change indicates that the protein level is increasing over time whereas a negative log fold 

change indicates a decrease over time.  
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1. Forward scatter area 
The forward scatter area (FSC-A) was used as a metric for separation of subpopulations with respect 

to morphology. Over time the initial cells clone differentiates into three main morphological 

phenotypes (Figure S1).  

 

Figure S1: Density plots of log2(FSC-A) for two cultivations with the initial cell clone at different time points in the cultivation. 
The cells are color coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) <17.7) and 
Population 3 (log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 

 

 

Figure S2: Density plots of log2(FSC-A) for two cultivations with Population 1 at different time points in the cultivation. The 
cells are color coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) <17.7) and 
Population 3 (log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 
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Figure S3: Density plots of log2(FSC-A) for two cultivations with Population 2 at different time points in the cultivation. The 
cells are color coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) <17.7) and 
Population 3 (log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 

 

Figure S4: Density plots of log2(FSC-A) for two cultivations with Population 3 at different time points in the cultivation. The 
cells are color coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) <17.7) and 
Population 3 (log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 
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Figure S5: Density plots of log2(FSC-A) for two cultivations with the end sample cells at different time points in the 
cultivation. The cells are color coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-
A) <17.7) and Population 3 (log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 

 

Figure S6: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with the initial cell clone at different time points in the 
cultivation. 
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Figure S7: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with Population 1 at different time points in the cultivation. 

 

 

Figure S8: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with Population 2 at different time points in the cultivation. 
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Figure S9: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with Population 3 at different time points in the cultivation. 

 

 

Figure S10: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with the end sample cells at different time points in the 
cultivation. 
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2. Cultivations with pulse feeding 
 

 

Figure S11: Density plots of log2(FSC-A) for two cultivations with Population1 at different time points in the cultivation. 
Media was supplied in pulses of 22 seconds followed by and pause of 62 seconds with no media addition. The cells are color 
coded with respect to FSC-A: Population 1 (log2(FSC-A) <16.6), Population 2 (16.6< log2(FSC-A) <17.7) and Population 3 
(log2(FSC-A) > 17.7). 100,000 cells were analyzed in each sample. 

 

Figure S12: Fraction of cells with FSC-A corresponding to Population 1 (log2(FSC-A) <16.6), Population 2 (16.6<log2( FSC-A) 
<17.7) or Population 3 (log2(FSC-A) > 17.7) for two cultivations with the initial cell clone at different time points in the 
cultivation. Media is supplied in pulses of 22 seconds followed by and pause of 62 seconds with no media addition. 
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Figure S13: Biomass concentration (A) and insulin yield (B) as function of cultivation time for the cultivations with the initial 
cell clone with pulse feeding and constant feeding respectively. 
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3. Variance in reinitiated chemostats 
Population 3 was defined as cells with a log2(FSC-A) larger than 17.5. Thus, this subpopulation spanned 

over a larger range of cells with respect to FSC-A compared to Population 1 and Population 2 (Figure 

3A). This may explain the larger variation observed between replicates with respect to intracellular 

protein levels and insulin production compared to Population 1 and Population 2 (Figure S14).  

 

Figure S14: Boxplot of variances for all proteins measured after 48 hours of chemostat growth between two replicated 
cultivations of Population 1, Population 2 and Population 3 respectively. 
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4. Intracellular proteome 
Table S1: Overview of analyzed proteomics samples from reinitiated chemostat cultivations with the FACS sorted 
populations.  

Sample 
name 

Fermentation 
batch 

Strain 
 

Time from start 
continuous phase [hours] 

Proteomics batch 
 

DCL209_P1 DCL209 Population 1 48 Proteomics_Population_1_2 

DCL209_P2 DCL209 Population 1 91 Proteomics_Population_1_2 

DCL209_P3 DCL209 Population 1 137 Proteomics_Population_1_2 

DCL209_P4 DCL209 Population 1 254 Proteomics_Population_1_2 

DCL209_P5 DCL209 Population 1 276 Proteomics_Population_1_2 

DCL210_P1 DCL210 Population 1 48 Proteomics_Population_1_2 

DCL210_P2 DCL210 Population 1 91 Proteomics_Population_1_2 

DCL210_P3 DCL210 Population 1 137 Proteomics_Population_1_2 

DCL210_P4 DCL210 Population 1 254 Proteomics_Population_1_2 

DCL210_P5 DCL210 Population 1 276 Proteomics_Population_1_2 

DCL211_P1 DCL211 Population 2 48 Proteomics_Population_1_2 

DCL211_P2 DCL211 Population 2 91 Proteomics_Population_1_2 

DCL211_P3 DCL211 Population 2 137 Proteomics_Population_1_2 

DCL211_P4 DCL211 Population 2 254 Proteomics_Population_1_2 

DCL211_P5 DCL211 Population 2 276 Proteomics_Population_1_2 

DCL212_P1 DCL212 Population 2 48 Proteomics_Population_1_2 

DCL212_P2 DCL212 Population 2 91 Proteomics_Population_1_2 

DCL212_P3 DCL212 Population 2 137 Proteomics_Population_1_2 

DCL212_P4 DCL212 Population 2 254 Proteomics_Population_1_2 

DCL212_P5 DCL212 Population 2 276 Proteomics_Population_1_2 

DCL221_P1 DCL221 Population 3 37 Proteomics_Population_3 

DCL221_P2 DCL221 Population 3 203 Proteomics_Population_3 

DCL221_P3 DCL221 Population 3 254 Proteomics_Population_3 

DCL221_P4 DCL221 Population 3 131 Proteomics_Population_3 

DCL222_P1 DCL221 Population 3 37 Proteomics_Population_3 

DCL222_P2 DCL221 Population 3 203 Proteomics_Population_3 

DCL222_P3 DCL221 Population 3 254 Proteomics_Population_3 

DCL222_P4 DCL221 Population 3 131 Proteomics_Population_3 
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Table S2: Overview of proteomics samples from the cultivation with the Initial cell clone used for comparison with the 
proteome of Population 1-3 after 48 hours of chemostat culture. Data were obtained from Wright et al. 4 

Sample no Cultivation 
equipment 

Cultivation time 
from start 
continuous 
phase [hours] 

Strain 
ID 

Cultivation batch no. 
_sample_no 

Abundances 
(Normalized): F19 

Single 
compartment 
system 

31.42 C.U17 DCL136_P1 

Abundances 
(Normalized): F25 

Single 
compartment 
system 

8.84 C.U17 DCL137_P1 

Abundances 
(Normalized): F56 

Single 
compartment 
system 

33.92 C.U17 DCL141_P2 

Abundances 
(Normalized): F63 

Single 
compartment 
system 

34.00 C.U17 DCL142_P2 

 

 

Table S3: Differentially expressed proteins between population 1 and population 2 in the end of chemostat cultivations (254 
hours of chemostat growth), (log2 fold change > 0.5 or log2 fold change < -0.5, q-value <0.05). 

Protein q-value 

TDH2 0.039 

TDH1 0.021 

GPH1 0.026 

YDL124W 0.048 

URA3 0.026 

GCY1 0.021 

TRR1 0.026 

GND2 0.021 

ALT1 0.026 

RNR4 0.039 

HIS3 0.009 

Insulin 0.021 

PBS2 0.026 

EGT2 0.026 

MF(ALPHA)1 0.021 

FAT3; YKL187C 0.026 
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Figure S15: Measured enzymes involved in the histidine biosynthetic pathway.  
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Figure S16: Measured enzymes involved in the uracil biosynthetic pathway.  
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5. Biomass concentration 

 

Figure S17: Biomass concentration as function of cultivation time for chemostat cultivations with the initial cell clone, 
Population 1, Population 2, Population 3 and the End sample cells. 
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6. Dissolved oxygen tension 

 

Figure S18: Dissolved oxygen tension during replicated chemostat cultivations with the Initial cell clone, the end sample 
cells and the sorted subpopulations Population 1, Population 2 and Population 3. The pO2 electrode was defective for 
replicate 2 with the initial cell clone.  
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Figure S7.1: Ethanol production as function of cultivation time for duplicated cultivations of C.U17 with minimal medium 
(reference conditions), minimal medium supplemented with succinylacetone and minimal medium supplemented with 
nicotinamide. Ethanol was detected in the off-gas with a Prima δB mass spectrometer. The dilution rate (D) was adjusted three 
times during the cultivations with nicotinamide supplements to the medium due to ethanol detection. 
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Table S7.1: PCR conditions for amplification of telomeres from chromosome IX based on Zubko et al. (2016). 

Initial denaturing  
Number of 
cycles Denaturing Annealing Extension Final extension Hold 

95 °C 45 cycles 98 °C 58 °C 72 °C 72 °C 12°C 

2 min 45 cycles 10 min 30 min 1 min 5 min ∞ 

 

Table S7.2: Chromosome IX specific telomere primers obtained from Zubko et al. (2016). 

Primer name Primer sequence 

Chr.9-Fw 5’-TAATTTTTGGCCTGCCTCAC-3’ 

dG(18) 5’-GGGGGGGGGGGGGGGGGG-3’ 
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Figure S7.2: Aperture-Cell-Area as function of Aperture-Cell-Intensity for the six samples analyzed by an Xcyto5 quantitative 
cell imager (Chomometec). The identified particles were gated to remove debris from the analysis, meaning that only particles 
with an Aperture-cell-Area > 25 and Aperture-Cell-Intensity > 100 were including in the further analysis.   
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Table S8.1: Proteins with modified constrains for the constrained model of Population 1. 

Protein IDs Gene symbol Previous values [mmol/gDW] Modified values [mmol/gDW] 

prot_P00931 TRP5p 4.28E-06 4.94E-05 

prot_P07283 SEC53p 2.43E-05 2.84E-05 

prot_P10659 SAM1p 6.49E-06 7.93E-06 

prot_P18544 ARG8p 3.99E-06 4.39E-06 

prot_P21147 OLE1p 7.75E-06 9.06E-06 

prot_P24521 ERG8p 1.84E-06 2.15E-06 

prot_P29704 ERG9p 6.31E-07 7.37E-07 

prot_P32476 ERG1p 1.37E-05 1.60E-05 

prot_P32895 PRS1p 1.58E-06 1.39E-05 

prot_P33330 SER1p 5.41E-06 7.41E-05 

prot_P36148 GPT2p 8.46E-07 2.50E-05 

prot_P37292 SHM1p 5.11E-06 1.01E-05 

prot_P38972 ADE6p 2.62E-06 6.25E-05 

prot_P49367 LYS4p 5.64E-06 7.39E-06 

prot_P54839 ERG13p 1.50E-05 1.76E-05 

prot_Q12189 RKI1p 2.50E-06 2.75E-06 

prot_Q12452 ERG27p 2.85E-06 3.33E-06 
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Table S8.2: Proteins with modified constrains for the constrained model of Population 2. 

Protein IDs Gene symbol Previous values [mmol/gDW] Modified values [mmol/gDW] 

prot_P00931 TRP5p 8.71E-06 4.94E-05 

prot_P07283 SEC53p 2.43E-05 2.84E-05 

prot_P10659 SAM1p 6.49E-06 7.93E-06 

prot_P21147 OLE1p 7.75E-06 9.06E-06 

prot_P24521 ERG8p 1.84E-06 2.15E-06 

prot_P29704 ERG9p 6.88E-07 7.37E-07 

prot_P32476 ERG1p 1.37E-05 1.60E-05 

prot_P32895 PRS1p 2.14E-06 1.32E-05 

prot_P33330 SER1p 6.83E-06 1.07E-04 

prot_P36148 GPT2p 8.46E-07 2.50E-05 

prot_P37291 SHM2p 2.11E-05 3.35E-05 

prot_P37292 SHM1p 4.93E-06 1.55E-05 

prot_P38972 ADE6p 1.89E-06 6.25E-05 

prot_P49367 LYS4p 4.41E-06 7.39E-06 

prot_P54839 ERG13p 1.50E-05 1.76E-05 

prot_Q12452 ERG27p 2.85E-06 3.33E-06 
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