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General Introduction

One of the seven ‘Pillars of Life’, as defined by Koshland in 2002, is the ability of 
living organisms to adapt to abrupt and dramatic fluctuations in their environment 
[169].

 Environmental changes can perturb the internal environment of cells and 
organisms such that it may harm the organism. In order to survive, the organism 
should have the ability to rapidly adjust its physiology to the new conditions [110]. For 
instance, mammals can adapt their physiology such that a constant body temperature 
is maintained even when the ambient temperature changes substantially. The 
adaptation of an organism to environmental changes results eventually from feed 
forward and feedback responses at the molecular level [169]. 

Changes in the external or internal environment may affect metabolic pathways 
directly, but also via signal transduction pathways. These, in turn, act on metabolic 
enzymes directly as well as via the gene-expression cascade. This thesis deals with 
the interplay between gene expression and metabolism when a cell responds to 
sudden environmental perturbations.

Studies of the gene-expression cascade have their roots in the central dogma of 
molecular biology, first published by Francis Crick in 1958, stating that sequence 
information is transmitted from DNA via RNA to protein: ‘Once the sequential 
information has got into protein it cannot get out again’ [73]. Since then, it has been 
well established that sequence information can be transferred from DNA to DNA 
and from RNA to DNA, but not from protein to either protein, RNA or DNA [72, 73]. 
Among the molecules of life, the proteins fulfill the important functions in the cell 
such as the catalysis of metabolic processes. Although Crick’s analysis was explicitly 
restricted to the transfer of sequence information, it is a small step to the erroneous 
conclusion that the DNA determines what happens at the functional level in the cell. 
In reality, the regulatory information flows in both directions, as illustrated in Figure 
1.1. For instance metabolite concentrations can also regulate gene expression [25]. In 
addition, metabolic processes provide the free energy and building blocks required 
for gene expression.

To understand how organisms integrate their gene-expression and metabolic 
response when adapting to environmental changes, a systemic approach is required. 
In the field of Systems Biology we study how the functional behavior of biological 
networks arises from the interactions between the molecules of which they consist 
[44]. A key element of the Systems Biology approach is to create comprehensive 
and quantitative computer models that can predict cellular behavior and enhance 
our understanding. Alternatively, models are used in the analysis of experimental 
data. In either case the integration of experimental, computational and theoretical 
approaches is required [162].
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1.1 The study of adaptation processes – ‘horizontal’ versus 
‘vertical’ approaches

The recent development of whole-genome sequencing and chip technology 
has given the study of cellular adaptation a new dimension. These new research 
technologies together with the increase in computer capacity for data storage and 
analysis have led to a new approach in the life sciences. This genomics or ‘omics’ 
approach refers to a broad discipline in which the biological information is analyzed 
genome-wide at all accessible levels of regulation (typically genome, transcriptome, 
proteome and metabolome) [155, 263]. The amount of data obtained by applying 
these ‘omics’ techniques is enormous and therefore the early ‘omics’ papers focused 
more on data acquisition than on answering biological questions [282]. The current 
challenge is to analyze and interpret the resulting large, complex datasets. To achieve 
this, various approaches are currently taken, mainly based on two contrasting 
perspectives, i.e. the ‘horizontal’ versus the ‘vertical’ perspective. 

The availability of whole-genome sequences of various organisms made it 
possible to study the mRNA levels of all genes in the cell simultaneously. Similarly, 
proteomics approaches are improving and expanding their coverage of the cellular 
proteome. A genome-wide analysis at a single level of expression (e.g. transcriptome 
or proteome) can be called a ‘horizontal’ approach, referring to the way in which the 
regulation levels are usually depicted (Figure 1.2). Such a global analysis of the gene 
expression under various physiological conditions allows clustering of genes into 
groups that share a similar expression behavior, which in turn might indicate a related 
cellular function [186]. In the contrasting vertical approach all the regulation levels 
are studied – from the genome to the metabolome or even to the fluxome (Figure 
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Figure 1.1: The various levels of the cellular regulation hierarchy. From top to bottom, the levels are those 
of DNA, mRNA, proteins and metabolism. The grey arrows indicate regulatory interactions between the 
different levels. From www. siliconcell.net with permission.
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1.2) – to assess the correlation between the different levels of gene expression [42, 
59, 76, 203, 309]. In this thesis I will apply the vertical approach and focus on a single 
pathway in the yeast cell: glycolysis. This will allow me to analyze the interactions 
between the different regulation levels quantitatively and in much detail. 

1.2 Quantitative analysis of regulation

In biology the term regulation is used in different meanings. Often there is no clear 
distinction between the terms control and regulation. In the field of Systems Biology, 
precise analysis is applied and therefore there is a need for a stricter definition of 
these terms.

In this thesis I use the term control only in the meaning in which it is used in 
Metabolic Control Analysis [101]. An enzyme controls a metabolic flux or a 
metabolite concentration if activation or inhibition of this enzyme affects the flux or 
concentration. The control of an enzyme, however, does not tell us whether the cell 
actually activates or inhibits this enzyme when it responds to environmental changes.

Regulation indicates which mechanisms the cell uses to effectuate changes in, 
or robustness of cellular functions. Regulation has various aspects: (i) the ability of 
living organisms to respond to their environment, (ii) the internal communication 
between different parts of cells or organisms and (iii) the maintenance of a relatively 
constant internal state (homeostasis) upon external perturbations [157].

In summary, control tells us which buttons the cell has and what the impact of 
pressing these buttons is. Regulation tells us which of these buttons the cell actually 
presses [44].

-  11  -
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1.2.1 Mechanisms of flux regulation

The flux through a pathway or an enzyme can be changed by many different 
regulatory mechanisms. Speaking in the terms introduced above, many buttons are 
available in the cell. In this section I will describe the various levels of regulation 
briefly. The regulatory mechanisms can be dissected crudely into three groups, i.e. 
signal-transduction, gene-expression and metabolic regulation. Since each of these 
can affect both others, the relation between them can be depicted as a triangle 
(Figure 1.3). For instance, signal transduction can either have a direct effect on 
metabolism or an indirect effect via gene expression. Since this thesis does not cover 
signal transduction, I will not discuss it any further. Here I will describe regulation 
via gene expression and metabolism. 

The research fields of metabolism and gene expression have long been quite 
isolated from each other. However, a change in flux through a metabolic pathway is 
often regulated by the interplay between the two.

Expression of a gene can be regulated at various levels, including transcription, 
mRNA processing, transport and stability, translation, posttranslational modification 
and protein stability. Nevertheless, the term ‘gene expression’ is often used as a 
synonym of ‘transcription’. This reflects that in the early years, research of gene 
expression focused almost exclusively on transcription [149, 337]. In the past 
decades, however, posttranscriptional regulation mechanisms have been unraveled 
in ever increasing complexity. The observed poor correlations between mRNA and 
protein levels [118, 121] suggest that translation and/or protein degradation play 
a quantitatively important role in the regulation of gene expression. Consequently, 
quantitative studies of gene expression should not only involve regulation of 
transcription, but also the posttranscriptional regulation events. 

Transcription itself is regulated by the binding of sequence-specific repressor 
and activator proteins (transcription factors) to DNA-elements. These DNA-binding 
proteins regulate transcription by direct interaction with the transcription machinery 
at promoters. However, also global transcriptional regulation plays an important 
role. Two classes of global transcriptional regulators may be distinguished: on the 
one hand those that affect the chromatin template and on the other hand those that 
function through the RNA polymerase and associated proteins [205]. 

The quantitative importance of posttranscriptional mechanisms in the regulation 
of protein concentrations and activities is becoming increasingly clear [67, 75, 80, 
125, 167]. In many eukaryotes, the first events after transcription are mRNA splicing 
and the transport of mRNA molecules from the nucleus to the cytosol, from which 
splicing is an important process in posttranscriptional regulation [183].

The first level of posttranscriptional regulation that I will discuss explicitly is 
the turnover of the mRNA molecules. This process is extensively regulated during 
development or in response to environmental changes [209]. This results in a wide 
variety of decay rates between different mRNAs, as well as in specific regulation of 
the decay rates of individual mRNA species as a function of the state of the cell [150]. 

-  12  -
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Translation regulation is the second major level of posttranscriptional regulation. 
In yeast it involves mechanisms in which the regulators interact directly with the 
ribosome or with associated initiation factors, thus influencing the recognition of the 
translation-initiation region by the ribosome complex [184]. In addition, regulatory 
factors may bind to untranslated regions (UTRs) of the mRNA and thereby change 
the translation rate. Such regulatory factors are often proteins, but also trans-acting 
RNAs have been described [336]. The regulation of mRNA decay and translation are 
connected by proteins involved in both processes simultaneously, notably ribosomal 
proteins. In general, mRNA molecules bound to the translation machinery are more 
stable. When translation is repressed and mRNA molecules enter into a ribosome-
free state, they become prone to degradation due to enhanced decapping [106, 209]. 
Nevertheless mRNA decapping can also occur when the ribosomes are still attached 
to the mRNA molecule [145]. 

The turnover of proteins is the third level of posttranscriptional regulation. 
Proteins can be degraded via two main mechanisms: (i) via selective degradation 
by the ubiquitin-proteasome system [137] and (ii) via autophagy, characterized by 
non-selective bulk degradation [165, 199, 207]. The ubiquitin-proteasome system 
is required for rapid and selective degradation of proteins when fast adaptation 
to a changing environment is needed. Autophagy on the other hand is involved in 
bulk degradation of cytosolic proteins and even of entire organelles [170, 308]. Both 
processes will be discussed in more detail in paragraph 1.5.1.

The final level of posttranscriptional regulation considered in this thesis is the 
posttranslational modification of proteins. Posttranslational modification is the 
chemical modification of a protein after its translation. This can be done by (i) 
addition of functional groups to the protein (e.g. phosphorylation, adenylation, or 
glycosylation), (ii) changing the chemical nature of an amino acid (e.g. the conversion 
of asparagine into aspartic acid by deamidation), (iii) covalent linkage of proteins to 
other proteins or peptides (e.g. ubiquitination), or (iv) changing the structure of the 
protein by for instance proteolytic cleavage [179, 196].

Although cellular localization and complex formation of proteins and mRNAs also 
play an important role in gene-expression regulation, these processes are beyond the 
scope of the quantitative analysis in this thesis.

-  13  -
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At the metabolic level fluxes can be regulated either by changes in the 
concentrations of enzyme substrate(s), product(s) and/or effectors or by changes 
in the affinities of the enzymes to these molecules. Enzyme effectors could be pH, 
other small ions or metabolites that act as specific, allosteric regulators. The affinity 
of an enzyme towards a metabolite can be changed by the presence of competing 
metabolites, by the modification of the enzyme (discussed above) or by changes in 
the expression of the different isoenzymes. In the latter case metabolic and gene-
expression regulation overlap (see also 1.2.2. below). Sauro [269] described a 
methodology that dissects the relative importance of the various components of 
metabolic regulation. He defined regulation as the response of the system to changes 
in the environment at a constant concentration of the enzyme. Since not all enzymes 
interact directly with the environment, the metabolic regulation of the enzymes will 
depend mainly on the changes in the concentrations of their substrates, products 
and/or effectors. For instance, for an enzyme i, which is inhibited by its product P 
according to a Michaelis-Menten mechanism, the rate (v) follows the equation:

in which e equals the enzyme concentration, kcat is the catalytic rate constant, S is the 
substrate concentration, P is the product concentration, KS is the affinity constant 
of the enzyme for its substrate and KP is the affinity constant of the enzyme for its 
product.

Since Sauro describes the regulation of the flux by changes in the concentration of 
the substrate S and the product P, the total derivative of the enzyme rate is given by:

The elasticity coefficients (ε) reflect the fractional change in enzyme rates associated 
with the fractional change in concentrations of the substrate, the product or certain 
effectors, at constant concentrations of all other effectors [47]. For instance, the 
elasticity of the rate vi towards its substrate S is expressed by:

If we divide both sides of Eq. 1.2 by d log vi we obtain the following summation law:

The two terms dissect the metabolic regulation into a part that depends on 
the changes in S and a part that depends on the changes in P. The two ratios of 
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differentials are not equal to the (inverse of) partial derivatives, but correspond to 
co-response coefficients for metabolic control analysis as defined by Hofmeyr and 
Cornish-Bowden [142].  In principle this methodology can be extended to include 
multiple substrates, products and effectors [269]. It can, however, only be used when 
the changes are very small. This makes the method experimentally challenging and is 
probably the reason why it has hardly been applied to experimental data.

1.2.2 Regulation Analysis

The quantitative method of Sauro discussed above, dissects the various 
components of the metabolic regulation of the flux. To include the regulation by 
gene expression, a complementary methodology was developed by Ter Kuile and 
Westerhoff [299]. This methodology, called Hierarchical Regulation Analysis, dissects 
the regulation of fluxes through steps in a network by changes in gene expression 
from regulation by changes in metabolism. Since it can handle large changes, it is 
relatively easily applied to experimental data.  The adjective ‘Hierarchical’ was added 
to ‘Regulation Analysis’ (but often dropped later, for brevity) to indicate that now 
different levels of the cellular hierarchy (Figure 1.1) were addressed.

Hierarchical Regulation Analysis allows unraveling how changes in the rate of 
an enzymatic reaction are brought about by the interplay of gene expression and 
metabolism [258, 299]. It dissects quantitatively to what extent the flux through the 
enzyme is regulated by changes in the interaction of the enzyme with its substrate(s) 
(S), product(s) (P) and/or effector(s) (X), the so-called metabolic regulation, or by 
changes in gene expression, called hierarchical regulation (Figure 1.4). The rate 
(v) through an enzyme i depends linearly on a function f that depends on enzyme 
concentration (e), and on a function g that depends on metabolic effectors (S, P, X, K).

In most enzyme kinetics, the function f(ei) equals kcat,i · ei (cf. Eq. 1.1), which in turn 
equals Vmax. Changes in the function g are caused by changes in the concentrations 
of substrates (S), products (P) and effectors (X), or by changes in affinities (1/K) 
of enzyme i towards its substrates, products and effectors. The function g can have 
many shapes, and the choice in Eq. 1.1 is just an example. If we project Eq. 1.5 into 
logarithmic space, the rate equation is dissected into a term that only depends on 
the enzyme concentration and a term that only depends on the concentrations of the 
metabolites and effectors.

-  15  -
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This is equivalent to:

Considering the regulation that is responsible for the difference between two steady 
states (indicated by ∆), and dividing both sides of the equation by the logarithm of 
the relative change in the steady-state flux vi through the enzyme, one obtains the 
following summation law:

The hierarchical regulation coefficient ρh quantifies the relative contribution of 
changes in enzyme capacity (Vmax) to the regulation of the flux through the enzyme of 
interest and is associated with changes in the gene-expression cascade. The relative 
contribution of changes in the interaction of the enzyme with the rest of metabolism 
is reflected in the metabolic regulation coefficient ρm. Together the two regulation 
coefficients should describe regulation completely, i.e. add up to 1.

Experimentally, the hierarchical regulation coefficient ρh is the one that is more 
readily determined, as it requires measurements of the Vmax of the enzyme and the 
flux through it, under two conditions, according to:

-  16  -

Figure 1.4: The distinction of hierarchical and metabolic regulation in Regulation Analysis. Solid arrows 
depict production and consumption reactions and dashed arrows depict regulatory events. The hierarchi-
cal regulation refers to the regulation of the flux by changes in the gene-expression cascade and the meta-
bolic regulation refers to the regulation of the flux by changes in the metabolite concentration.
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This is often possible, although sometimes challenging. First, the Vmax should be 
measured under physiologically relevant conditions. Secondly, when isoenzymes 
with different substrate affinities are active at the same time, independent analysis of 
each isoenzyme may be required. However, Rossell et al. [258] demonstrated that this 
complication can often be overcome by a precise interpretation of the coefficients. 
Thirdly, when the metabolic network is complex without a single major flux routing, 
it may be necessary to carry out more advanced metabolic flux analysis to resolve 
the intracellular fluxes [64, 292]. For a more elaborate description of methods of flux 
analysis see paragraph 1.2.3. 

Regulation Analysis can in principle be applied at other levels in the cell’s 
regulatory hierarchy too [95]. It does not necessarily have to concern fluxes, but may 
also refer to steady-state concentrations. Furthermore, it is possible to study in detail 
how the various levels in the gene-expression cascade regulate the flux. This was done 
by Daran-Lapujade et al. [76] and Haanstra et al. [125], who extended Regulation 
Analysis to dissect the hierarchical regulation into contributions by transcription, 
mRNA processing (splicing and degradation), translation, protein degradation and 
posttranslational modification.

1.2.3 Metabolic flux analysis

In order to be able to calculate the hierarchical regulation coefficient, 
determination of the Vmax of the enzyme and of the flux through it are necessary. 
For complex metabolic pathways with side branches, the determination of the flux 
through the individual enzymes is not straightforward. If fluxes cannot be measured 
directly, they must be inferred from measured quantities through computer model-
based interpretation. This is called metabolic flux analysis [78, 268]. I will discuss 
two methods of metabolic flux analysis, which are used in the field of Systems Biology. 

The first method (stoichiometric flux analysis) is based on measurements of 
the rates of consumption of nutrients and the production of end products and on 
the known stoichiometry of the metabolic network. The method avoids difficulties 
of kinetic modeling [185, 292]. It assumes that there is a metabolic quasi steady 
state for all internal metabolites. This assumption is at the same time one of the 
disadvantages of the method, because it precludes the study of intracellular fluxes 
outside steady state. The second method, based on isotope-labeling, does allow 
studying the dynamics of intracellular fluxes, including the flux through metabolic 
cycles [335]. A growing cell culture is fed with isotope-labeled substrates until 
the isotope label is distributed throughout the network [267, 335]. The particular 
distribution of the fluxes in the cell determines the specific labeling patterns in 
the metabolic intermediates. These specific labeling patterns are measured by 
NMR or mass spectrometry techniques. The flux data can be obtained from the 
labeling patterns by at least two different approaches. The first approach integrates 
simultaneously the 13C data, extracellular fluxes and biosynthetic requirements in 
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computer models. The flux distribution is then obtained by fitting the intracellular 
fluxes to the experimental data by minimizing the differences between the observed 
and simulated isotopologue spectra [319, 335]. The second method is the flux ratio 
method, in which the relative distribution of converging pathways to the formation 
of a specific metabolite is quantified from a particular combination of NMR or mass 
pattern [268]. With the fitting method absolute fluxes are obtained, whereas the flux 
ratio method results in relative values. However, the flux ratio approach is extended 
to the estimation of absolute fluxes by anchoring it to one flux, which is measured 
absolutely. In rapidly growing organisms this may be the flux of biomass production. 
The relative fluxes then become that flux multiplied by the fractional composition 
of the biomass in terms of building blocks such as amino acids and nucleotides. The 
latter method is applicable at higher throughput [103, 104]. 

1.2.4 Time-dependent Regulation Analysis

The original form of Regulation Analysis has been developed to compare two 
steady states. In order to obtain more insight into the adaptation strategies of 
organisms, it would be more informative to follow the patterns of regulation during 
the transition from one steady state to another. It is generally believed that metabolic 
regulation plays an important role at short time scales, while regulation by gene 
expression kicks in later. This has, however, not been rigorously tested. Bruggeman 
et al. [43], therefore derived Regulation Analysis as a function of time, which allows 
studying time-dependent regulation quantitatively. Two different methods of time-
dependent Regulation Analysis were introduced. One is an integrative method over 
time and the second deals with instantaneous analysis of regulation over time [43].

For the integrative form of time-dependent Regulation Analysis the regulation 
coefficients have been derived in a similar way as for the original form of Regulation 
Analysis. This form of Regulation Analysis integrates all the changes between t0 and t 
according the following equations:

In this approach the system is perturbed at time point t0. Δ refers to the difference 
between t and t0. When the new steady state is reached, the hierarchical and metabolic 
regulation coefficients have become equal to the values calculated with Eq. 1.8.
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The instantaneous version of hierarchical regulation decomposes the time 
derivative of a rate v at each time point into a metabolic and a hierarchical contribution. 
Following the same strategy as above then leads to:

1.2.5 Possible outcomes of Regulation Analysis

For the original, steady-state form of Regulation Analysis, Rossell et al. [258] have 
classified the variety of numerical outcomes into five distinct categories. In the time-
dependent Regulation Analysis, shifts from one category to another can be found. The 
biochemical meaning of these five distinct categories is illustrated by the numbered 
arrows in Figure 1.5. This figure shows the relation between the rate of catalysis 
and the substrate concentration for an enzyme described by irreversible Michaelis-
Menten kinetics. Both curves have the same Km, but different Vmax levels. Hence the 
two curves represent two different enzyme concentrations. The arrows represent 
changes in enzyme rate caused by a change in Vmax level and/or a change in substrate 
concentration. Below, the different categories of regulation will be discussed.

Purely hierarchical regulation (Figure 1.5, arrow 1) In this category the 
change in the enzyme rate is completely caused by the change in Vmax, resulting in a 
hierarchical regulation coefficient ρh of 1 and a metabolic regulation coefficient ρm 
of 0. This is obvious in the example: the enzyme rate is increased by an increase in 
Vmax only, while the substrate concentration does not change. This implies that there 
is no metabolic regulation. In general, however, the underlying molecular events can 
be more complex. In principle changes in Km and/or metabolite concentrations can 
occur, but such that there is no net change of the metabolic function g. In conclusion, 
in this category the metabolic changes do not make a net contribution to a change in 
the enzyme rate.

Purely metabolic regulation (Figure 1.5, arrow 2) In this case the change in 
enzyme rate is a result of a change in the metabolic function only. In the example 
the flux is decreased by a decreased substrate concentration, while the Vmax remains 
unchanged. Consequently, the ρm equals 1 and the ρh is 0. In general, not only the 
substrate, but also the product, or other metabolic effectors may be responsible for 
the observed metabolic regulation. Also shifts in isoenzyme expression may underlie 
the metabolic regulation, if the isoenzymes have different affinity constants. 

Cooperative regulation (Figure 1.5, arrow 3) When changes in the Vmax and the 
metabolic function affect the enzyme rate in the same direction, a ρh between 0 and 
1 is obtained. From the summation law (Eq. 1.8) it then follows that the ρm is also in 
between 0 and 1. In this case the increase of the rate is larger than the increase of 
the Vmax; in the example the remaining increment is due to the increased substrate 
concentration, and in general to changes in any metabolic effectors.
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Antagonistic regulation directed by Vmax (Figure 1.5, arrow 4) In this category 
the changes in Vmax and the metabolic function have antagonistic effects on the enzyme 
rate. Specifically, the increase in Vmax is larger than the increase in rate, because a 
decrease in substrate concentration (or an increase in product concentration, etc.) 
is counteracting the change in Vmax. The net result is that the enzyme rate changes in 
the same direction as its Vmax, but not quite as much as the Vmax. This results in a ρh 
higher than 1 and consequently a ρm lower than 0. In this category, the hierarchical 
regulation is dominant over the metabolic regulation.

Antagonistic regulation directed by metabolism (Figure 1.5, arrow 5) In 
this case the Vmax changes in the opposite direction as the enzyme rate, resulting in 
a ρh below 0 and a ρm higher than 1. As in the previous category the changes in Vmax 
and metabolism have antagonistic effects on the flux; however, now metabolism is 
dominant. In the example, the decrease in the metabolic function g is larger than the 
decrease in rate, because the increase in Vmax is counteracting the effect of the change 
in substrate concentration.

So far Regulation Analysis has been applied to quantify the regulation of steady-
state fluxes through glycolysis either in Saccharomyces cerevisiae, Lactococcus lactis 
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Figure 1.5: Biochemical interpretation of the regulation coefficients. For two conditions the dependence 
of the enzyme rate on the substrate concentration is described by irreversible Michaelis-Menten kinetics. 
The Km values are identical in the two situations, but the Vmax values differ by a factor of 2, representing 
different expression levels of the same enzyme. Arrows represent changes in Vmax and/or substrate con-
centrations resulting in a change of the flux through the enzyme. Arrow labels correspond to the different 
categories of regulation, 1: purely hierarchical regulation, 2: purely metabolic regulation, 3: cooperative 
regulation, 4: antagonistic regulation directed by Vmax and 5: antagonistic regulation direct by metabolism. 
Figure reproduced from Rossell et al. 2005 [258].
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or in Trypanosoma brucei [76, 95, 125, 232, 259, 261, 299]. The regulation of changes 
in the flux through the glycolytic and fermentative pathways was extremely diverse. 
Different perturbations to the cells led to different patterns of distributed regulation 
[76, 125, 232, 259, 261, 299]. Rossell et al. [259, 261] concluded that the flux through 
a pathway is regulated in a subtle way, that enzymes may play different regulatory 
roles and that the regulation of fluxes does not need to be governed by single drives 
or constraints. Subsequently, Daran-Lapujade et al. [76] and Haanstra et al. [125] 
extended Regulation Analysis by zooming into the different regulatory mechanisms 
within the gene-expression cascade. In the former study the overall contribution 
of the gene-expression cascade was significant yet limited as compared to the 
metabolic regulation [76, 81]. When zooming into the gene-expression cascade little 
correlation between transcript levels and protein levels was observed, revealing 
small magnitudes of the transcription regulation coefficients. By implication of the 
summation law of Regulation Analysis, this indicates an important role for regulation 
of translation and/or protein degradation within the gene-expression cascade. 

The previous studies, which revealed such diverse regulation patterns, were all 
based on comparisons of two steady states. The aim of this thesis is to unravel the 
underlying adaptation strategy of the cell by following patterns of regulation in time, 
based on time-dependent Regulation Analysis.

1.3 Yeast glycolysis

In this thesis I will study the regulation of the flux through a single intracellular 
pathway in time. My pathway of choice is glycolysis in baker’s yeast. There were 
several reasons to use this particular organism and pathway. First of all I will explain 
why baker’s yeast was chosen. 

The baker’s yeast Saccharomyces cerevisiae is one of the most-studied and best-
characterized unicellular eukaryotes. Research of baker’s yeast has contributed 
enormously to our understanding of the biology of the eukaryotic cell. S. cerevisiae 
plays an important role in the production of food and alcoholic beverages, and today 
this organism is also used as a cell factory in the pharmaceutical industry to produce 
proteins or metabolites of interest [16, 63, 113, 225, 291, 307]. There are a number 
of advantages to use S. cerevisiae in biotechnology as well as in research. First, it is a 
non-pathogenic microorganism and due to its long history in the food industry it has 
been classified as a GRAS (generally regarded as safe) organism; after all it is eaten 
in large quantities (bread) and can be eaten or drunk raw without ill consequences 
(dough; non pasteurized/sterilized beer). Second, S. cerevisiae grows rapidly and 
reproducibly on rich as well as minimal media. Third, its suitability for genetic 
engineering by recombinant DNA technology together with the well-established 
fermentation and process technology for large-scale production using S. cerevisiae 
makes this organism attractive for several biotechnology purposes [223]. Examples 
are the production of chemical compounds such as (bio)ethanol and proteins [208]. 
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Finally, yeast is a eukaryote and in many respects representative of other eukaryotes, 
including mammalian cells. Indeed, yeast is successfully used in research increasing 
the understanding of human cells and diseases [227]. Some well-known processes 
involved in human ageing and diseases are cell cycle, repair processes, and autophagy. 
These pathways were studied extensively in yeast as a model organism, since the 
gene products in these processes were found to be highly conserved between yeast 
and mammalian cells [1, 2, 13, 46]. Thus yeast studies can accelerate the research in 
mouse, rat and human cells.

One of the main reasons to choose the glycolytic pathway of S. cerevisiae for the 
research of this thesis is that most of its kinetic parameters are known. In addition, all 
the genes encoding its enzymes are known. Glycolysis is one of the major metabolic 
pathways that supplies the cell with ATP and precursors for biosynthesis [35]. The 
glycolytic and fermentative pathways as they function in S. cerevisiae are shown in 
Figure 1.6. The kinetic properties of the enzymes together with the thermodynamic 
properties of the chemical reactions catalyzed by these enzymes determine the 
fermentation flux through the pathway [35]. An extensive set of computational 
models is available for yeast glycolysis (e.g. [107, 147, 213, 250, 301]), indicating a 
high level of knowledge as a starting point.

1.4 Standardization

Comprehensive, quantitative and predictive models are required to enhance 
our understanding of the complex regulation of metabolic pathways. To create such 
models, the integration of experimentation, computation and theory is necessary 
[162]. For the integration of experimental data from different research groups 
into computational models, it is essential to standardize the cellular systems and 
experimental procedures among laboratories [271]. In practice this means that 
different laboratories should use the same strain and protocols for the organism under 
study, and that the data is presented in a comparable way. Currently, there are various 
initiatives with respect to standardization, focusing on different aspects. Examples 
of initiatives which focus on a single organism or cell type, are the Yeast Systems 
Biology Network (YSBN) [204], the International Escherichia coli Alliance [144], 
and the HepatoSys Competence Network [163]. Other initiatives are more involved 
in the standardization of analytical techniques and reporting of experimental data. 
Examples are the Standards for Reporting Enzymology Data (STRENDA) commission 
[160] and the Metabolomics Standard Initiative [266]. 

Besides the standardization of experimental procedures, it is also important to 
create computational models according to a common standard such as a similar 
software infrastructure and the usage of a common nomenclature. The Systems Biology 
Markup Language (SBML) is the current standard for representing quantitative and 
qualitative models at the level of biochemical reactions and regulatory networks 
[146]. SBML allows exchange of models and testing by other researchers. It is also 
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Figure 1.6: The glycolytic and fermentative pathways. Metabolites are depicted in bold face, allosteric 
regulators in regular face, enzymes in italics and branching pathways in underlined face type. GLCo: extra-
cellular glucose, GLCi: intracellular glucose, G6P: glucose 6-phosphate, F6P: fructose 6-phosphate, F16BP: 
fructose 1,6-bisphosphate, DHAP: dihydroxyacetone phosphate, GAP: glyceraldehyde 3-phosphate, BPG: 
1,3-bisphosphoglycerate, 3PG: 3-phosphoglycerate, 2PG: 2-phosphoglycerate, PEP: phosphoenolpyruvate, 
PYR: pyruvate, AcAld: acetaldehyde, EtOH: ethanol, HXT: hexose transport, HXK: hexokinase, PGI: phos-
phoglucose isomerase, PFK: phosphofructokinase, ALD: aldolase, TPI: triosephosphate isomerase, GAPDH: 
glyceraldehyde-3-phosphate dehydrogenase, PGK: 3-phosphoglycerate kinase, GPM: phosphoglycerate 
mutase, ENO: enolase, PYK: pyruvate kinase, PDC: pyruvate decarboxylase, ADH: alcohol dehydrogenase, 
PPP: pentose-phosphate pathway, AA: amino-acid-synthesis pathway, TCA: tricarboxylic-acid pathway.



important that the modeling itself is done according to a standard format. Such an 
approach was applied to the consensus network reconstructions of yeast [134] and 
human metabolism (H.V. Westerhoff, personal communication). In these models the 
naming of metabolites and enzymes and the annotation was standardized [134]. The 
description and annotation of models are currently fixed in the MIRIAM protocol 
(Minimal Information Requested in the Annotation of biochemical Models) [182]. 
Building models according to a standard format will facilitate reproducibility and 
comparison, and linking of different models to each other.

The work presented in this thesis is part of a larger project called Vertical Genomics: 
from gene expression to function, …and back. The ‘Vertical Genomics’ project was a 
collaboration of 6 research groups at 3 different universities. To be able to integrate 
the experimental data from these different laboratories, standardization has been an 
important issue from the start of the project. Between the three universities, we have 
standardized the yeast strain, the cultivation conditions and a number of analytical 
procedures. In the project we have used the S. cerevisiae strain CEN.PK113-7D, since 
its physiology has been well characterized and it was used successfully in earlier 
attempts at standardization [229, 315]. All groups started from the same CEN.PK113-
7D stock, freshly obtained from the Euroscarf collection of yeast strains. Aliquots of 
this stock were prepared and each experiment was started with one of these aliquots. 
The yeast cells were grown in aerobic glucose-limited chemostat cultures under 
well-defined steady-state conditions in a mineral medium described by Verduyn et 
al. [320]. 

1.5 Nitrogen starvation in Saccharomyces cerevisiae

A large part of this thesis will focus on the regulation of yeast glycolysis upon 
nitrogen starvation. Starvation for nutrients is perhaps one of the most common 
stress conditions experienced by microorganisms in their natural habitat and may 
affect them most of their life span. Most microorganisms can survive long periods of 
nutrient starvation by drastically decreasing their metabolic activity upon growth and 
cell-cycle arrest. This is accompanied by a range of physiological and morphological 
changes [330]. It is thought that protein degradation provides the yeast cells with 
building blocks during nutrient starvation. Indeed, protein degradation via autophagy 
is increased during carbon, sulfur and nitrogen starvation [297]. For instance, 
nitrogen starvation induces protein degradation to preserve a certain level of free 
amino acids [5, 221]. The main reason to study nitrogen starvation in this thesis is 
that I suspect that protein degradation is an important regulatory mechanism in the 
gene-expression cascade.
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1.5.1 Regulation of protein degradation

As indicated in paragraph 1.2.1 yeast cells have two major protein degradation 
systems: (i) proteasome-mediated proteolysis of ubiquitin-tagged proteins and (ii) 
autophagy (Figure 1.7). In this paragraph I will describe these two mechanisms 
of protein degradation in detail and explain their possible role during nitrogen 
starvation.

The proteasome-mediated degradation of defined target proteins plays an 
important role in the regulation of various essential pathways of the yeast cell, like 
the cell-division cycle and apoptotic cell death [137]. The selective proteasome 
system recognizes the proteins marked for destruction by a polyubiquitin chain tag 
[137]. Ubiquitination of the proteasomal substrates is catalyzed by a complex system 
of three enzymes: the ubiquitin-activating enzyme (E1), the ubiquitin-conjugating 
enzyme (E2) and the ubiquitin protein ligase (E3). E3 binds directly to the substrate 
proteins and thereby regulates the specificity of the process [98, 228]. E3 recognizes 
its substrates based on the presence of a specific ubiquitination signal – e.g. a 
sequence motive in a certain conformation or a typical hydrophobic surface – and 
then ligates one or more ubiquitins to the substrate [228]. Since transcription factors 
belong to the targets of the proteasome, the proteasome-mediated proteolysis is also 
crucial for the regulation of gene transcription [137].

Since the proteasome functions in a wide array of cellular processes, the cell is 
presumably under pressure to maintain adequate proteasome function. At least 
two regulatory mechanisms are involved in the formation and functioning of the 
proteasome. First, the transcription factor Rpn4, which is activated by various 
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Figure 1.7: The two types of protein degradation occurring in yeast: autophagy (upper part) and protea-
some-mediated proteolysis (lower part).



stresses [127], regulates the proteasome abundance by concerted induction of all 
proteasome genes [342]. However, it is not known if Rpn4 is also induced by nitrogen 
starvation. In addition, individual components of the proteasome may be selectively 
induced under varying cellular conditions, such as heat or oxidative stress. This 
specificity in the induction of the different components can alter the function of the 
proteasome [129]. The role of proteasome-mediated proteolysis during nitrogen 
starvation of yeast is unclear. However, it has been shown that catalytic activity of 
certain ubiquitin proteases is required for selective degradation of ribosomes via 
autophagy during nutrient starvation [170]. This indicates that there may be a link 
between protein degradation by the ubiquitin-proteasome system and autophagy.

The role of protein degradation via autophagy during nitrogen starvation is much 
clearer. During nitrogen starvation the rate of protein synthesis is limited by the size 
of the free amino-acid pool and autophagy is required to provide the cell with amino 
acids for new protein synthesis [5, 221]. Several studies showed that unspecific 
degradation of cytosolic proteins and small organelles via autophagy is enhanced 
when the yeast cells are starved for nitrogen [165, 199, 207].  An important regulator 
in the induction of autophagy is the protein kinase TOR (Target Of Rapamycin) [58, 
60]. TOR inhibits autophagy under basal and nutrient-rich conditions. The TOR 
pathway acts in two ways. When yeast cells are starved for nitrogen, TOR is inhibited 
and this allows induction of autophagy via partial dephosphorylation of Atg13. The 
dephosphorylated form of Atg13 has a high affinity for Atg1 and the interaction 
between both proteins induces autophagy [60, 158, 216]. The second role of the 
TOR pathway is in the regulation of translation. The loss of TOR function during 
nitrogen starvation leads to a rapid and strong inhibition of translation initiation 
and elongation [14, 240, 294]. It is not completely understood how the loss in TOR 
function inhibits translation initiation, but it could be due to the degradation of the 
initiation factor eIF4G [233]. The inhibition of elongation is caused by decreased 
transcription of genes encoding rRNA by RNA polymerases I and III [233, 341] and 
of ribosomal proteins genes by RNA polymerase II [55, 233, 341]. In addition, when 
TOR function is lost, a decrease in the transcript levels of the translation initiation 
and elongation factors is observed [233]. 

When autophagy is induced, the yeast cell sequesters cytosolic material into 
an expanding membrane envelope (see Figure 1.7 upper part). This results in the 
formation of a double-membrane vesicle, the autopaghosome. Subsequently, the 
autophagosome fuses with the vacuole, where it releases a single-bilayer-bounded 
autophagic body into the lumen of the vacuole. The vacuolar hydrolases act on 
the remaining membrane of the autophagic body, releasing its contents. These are 
degraded into biosynthetic building blocks among which are the amino acids [1, 
343]. Since autophagy is the most important system in providing the cells with amino 
acids during prolonged nitrogen starvation, cells that are unable to induce autophagy 
cannot survive long periods of nitrogen starvation [5, 346].  

-  26  -

Chapter 1



1.5.2 Nitrogen starvation in the yeast industry

The production of baker’s yeast is one of the largest domestic usages of a 
microorganism for food purposes. Strains of baker’s yeast (S. cerevisiae) are carefully 
selected for a high fermentative capacity, optimal storage stability and the ability to 
produce desirable flavors.

Fermentative capacity is the most important characteristic of commercial baker’s 
yeast and is defined as the specific rate of carbon dioxide and ethanol production 
immediately upon introduction of the yeast into the bread dough. The production of 
carbon dioxide plays a major role in the leavening of the dough and gives bread its 
open structure. The dough environment is considered to be anaerobic and saturated 
with carbon dioxide and to contain an excess of fermentable sugars like glucose, 
maltose, fructose and sucrose [241]. 

The second important characteristic of baker’s yeast is its storage stability, 
specifically its preservation of viability and fermentative capacity during storage. 
To increase the storage stability of the yeast, nitrogen starvation is applied at the 
end of the production process [57, 241, 306]. Nitrogen starvation in the presence 
of glucose enhances the accumulation of the storage carbohydrates trehalose and 
glycogen. These storage carbohydrates protect the yeast cell from carbon and free-
energy starvation during storage. Consequently, the storage stability of the yeast is 
increased. A disadvantage of a period of nitrogen starvation is that it also causes a 
partial loss of the fermentative capacity. However, the loss of fermentative capacity 
after carbon starvation is much more severe than after nitrogen starvation [257, 
259, 305]. It is clear that the production of yeast is a complex process consisting of 
different stages, which should simultaneously optimize fermentative capacity and 
storage stability.   

1.6 Scope of the Vertical Genomics project

As mentioned above, the work described in this thesis is part of a larger project, 
called Vertical Genomics: from gene expression to function, ...and back. The main 
goal of the ‘Vertical Genomics’ project has been to implement and develop ‘vertical 
genomics’, in other words to obtain a quantitative understanding of how different 
levels of gene expression and metabolism contribute to regulation of cell function. 
The project was based on the concepts of Hierarchical Regulation Analysis, notably 
its time-dependent extension [43]. 

Also this overarching project has zoomed in into the regulation of glycolysis in 
baker’s yeast. At the start of the project this pathway was sufficiently well described 
to make a project of this scope feasible. As discussed above, all experiments in 
the project started from a standardized glucose-limited chemostat culture. The 
regulation of the glycolytic flux was studied in detail upon five different perturbations 
of the extracellular environment (see Figure 1.8). The effect of these perturbations 
was studied at different levels of regulation and at different timescales. The choice of 
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the perturbations was in part based on industrial applications. The industrial areas 
of interest were food preservation, yeast production and fermentation applications, 
such as bread baking and brewing.

The short-term dynamics of regulation was studied upon a sudden relief of 
glucose limitation by a single addition of glucose. This perturbation was followed 
from previous studies in which intracellular metabolite concentrations as well as 
transcript levels were measured upon a sudden relief of glucose limitation [173, 340]. 
At the start of the project it was known that even in the first 2 minutes regulation was 
not restricted to metabolism, but also extended to the gene-expression level. Rapid 
and substantial changes had been observed in the transcript levels [173]. It is still 
unclear however, whether these changes of transcript levels already impact back on 
the flux.

At the time scale of hours, it is expected that gene-expression regulation should 
become more important. To assess quantitatively at which time scales the various 
levels of regulation come into play, in one of the perturbation studies the yeast cultures 
have been followed for two hours after the transition from aerobic glucose-limited 
to anaerobic glucose-excess conditions [313, 314]. Upon transfer from respiratory to 
fermentative conditions, S. cerevisiae can, within a short time, tremendously increase 
its flux of alcoholic fermentation [317].  

The other perturbation, which was studied at a time scale of hours, will be 
presented in this thesis and concerns nitrogen starvation. Since protein degradation 
is enhanced to preserve a certain level of amino acids during nitrogen starvation, one 
might expect hierarchical regulation in the first hours of nitrogen starvation. It had 
been shown before [259] that the regulation of the glycolytic flux after prolonged 
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nitrogen starvation (24 h) was diverse and even included increased capacities of 
some proteins, possibly due to new synthesis. A detailed time-dependent analysis 
of the regulation of the glycolytic flux upon nitrogen starvation will be reported in 
Chapter 2 and 3 of this thesis.

The last two perturbations studied in the Vertical Genomics project were 
studied at very long time scales, by comparing the new steady state to the original 
situation. The first of these perturbations was the exposure of the yeast cell to 
mild heat stress [232]. Heat stress plays an important role in food preservation. 
In the second comparison of steady states, cultures were shifted from aerobic to 
hypoxic or anaerobic conditions. Redistribution of the fluxes between respiration 
and fermentation occurs when comparing aerobic and anaerobic conditions [76] 
and the various levels of hypoxia [154]. Daran-Lapujade et al. [76] showed in a 
comparison of anaerobic and aerobic cultures that the changes in flux were mainly 
regulated by metabolism. The regulation of the flux by gene expression was at most 
50%. Furthermore they concluded that within the gene-expression regulation, 
transcription played a minor role, whereas the regulation by protein synthesis/
degradation was more important [76]. In a study by the Penttila group, parallel to the 
Vertical Genomics project, gene-expression changes were also determined at various 
levels of hypoxia. The quantitative impact of these changes on the flux, has, however 
not yet been analyzed. The different degrees of hypoxia gave rise to similar transcript 
profiles. The largest differences in the transcriptome were observed between fully 
aerobic, anaerobic and hypoxic conditions. The proteome, however, did depend on 
the degree of hypoxia, qualitatively indicating regulation at the posttranscriptional 
level [248, 334].

Besides the perturbations based on environmental changes, genetic perturbations 
were studied by Regulation Analysis, such as the effect of deletion of the gene SFP1, 
which is responsible for nutrient-dependent ribosome biogenesis and cell size [65, 
66] and the effect of HXK2 deletion on the fermentative capacity [261].

In addition to the study of flux regulation, method development was also part 
of the Vertical Genomics project. Methods were developed or improved to obtain 
quantitative data of the various cellular levels, such as proteome and metabolome 
level, but also realistic data that represent the in vivo situation. At the level of 
metabolism, the described sampling and extraction procedures for metabolites [191] 
have been considered in detail to prevent leakage of metabolites out of the yeast cell 
and thus obtain accurate quantitative data [51, 53]. Furthermore a new method to 
measure free cytosolic NAD+/NADH ratios was developed and validated [52]. At the 
proteome level a step could be made in obtaining quantitative protein levels by the 
development of a new quantitative, high-throughput method based on a 4-hour LC-
FTMS analysis. The method is very accurate and renders prior fractionation by for 
instance 2-D gel electrophoresis redundant. In Chapter 6 of this thesis this proteome 
analysis will be developed further to analyze the turnover of proteins. 

At the level of enzyme capacity, we developed an assay medium that can be used 
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for almost all enzymes and should be as close as possible to the in vivo environment 
of the enzymes in the yeast cytosol (Chapter 4 of this thesis). This was undertaken 
in order to obtain realistic quantitative data that represent the in vivo conditions, for 
various kinds of systems-biology applications.  

For measuring transcript levels, we have first explored the Multiplex Ligation-
dependent Probe Amplification (MLPA) method [275]. However, early in the project 
it became clear that the results obtained by MLPA were neither reproducible nor 
reliable and therefore it was decided to use quantitative PCR (qPCR) for relative 
transcript levels. Primer sets were developed that cover the complete set of glycolytic 
genes.

 1.7 Scope of this thesis

Within the general scope of the Vertical Genomics project, the work described in 
this thesis focuses on the quantitative regulation of yeast glycolysis upon nitrogen 
starvation. Besides the quantification of regulation between different steady states, 
I have zoomed into various aspects of the regulation. First, I studied the dynamics 
of regulation in time. Previously, the quantification of regulation upon nitrogen 
starvation was not time-resolved, but measured the outcome of regulation after 24 
h [259]. After these 24 h, secondary regulation events might have occurred, which 
might have obscured a more decisive strategy put in place immediately after the 
perturbation. Secondly, I developed an assay medium that resembles the cytosolic 
environment. Thus, the measured enzyme-kinetic data – which I interpret as the 
endpoint of the gene-expression cascade – become more representative of the in 
vivo conditions. This is an important step in obtaining realistic data for quantitative 
models. Thirdly, faced with strong metabolic regulation in my own results as well as 
in previous studies [260], I studied the metabolic regulation upon nitrogen starvation 
in more detail. Finally, inspired by many reports of regulation at the protein level 
[7, 8, 76, 81, 118, 121, 125] and by the role of protein degradation during nitrogen 
starvation, I set out to distinguish between regulation of protein synthesis and 
degradation. 

1.7.1 Thesis outline         

In the beginning of this thesis, I will study the regulation as a function of time 
upon nitrogen starvation, in cells grown under respirofermentative conditions. The 
work described in Chapter 2 is a direct continuation of the earlier research by Rossell 
et al. [259], who quantified the regulation after 24 h of starvation. However, the 
growth conditions prior to the nitrogen starvation have been changed from glucose-
excess to glucose-limited conditions. This was done to comply with the standards of 
the Vertical Genomics project. In Chapter 2 I will show that even in the first hours of 
nitrogen starvation, protein degradation by autophagy is not the only or dominant 
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regulatory mechanism. Furthermore, differences in the regulation were found when 
compared to the earlier study by Rossell et al. [259], indicating that the growth 
conditions prior to nitrogen starvation played a role in the regulation.

The effect of the growth conditions prior to the nitrogen starvation will be studied 
further in Chapter 3 of this thesis. Again, the dynamics of regulation will be followed 
in time while the yeast cells adapt to nitrogen starvation. I will compare two different 
growth conditions prior to the starvation, i.e. respiratory and respirofermentative 
growth. I will show that in both cases regulation is mixed. Yet, in the cells from 
the respiratory culture metabolic regulation was dominant, while in the cells from 
the respirofermentative culture hierarchical regulation was dominant. In order to 
identify the metabolites responsible for the metabolic regulation, we have measured 
the metabolites and allosteric regulators of glycolysis under both conditions. I will 
show that these intracellular metabolite levels explain some aspects of the metabolic 
regulation, but not all. 

In Chapters 2 and 3 the enzyme activities have still been measured under 
optimized assay conditions, which hardly resemble the in vivo conditions. This 
complicates the interpretation of the observed regulation. In Chapter 4 I describe 
the development of an in vivo-like assay medium to measure enzyme activities under 
more physiological conditions. With the Vertical Genomics project team we have 
estimated the concentrations of the small ions present in the cytosol of the cells, when 
grown under our standard growth conditions. Based on these data I will propose a 
single standard assay medium, which will be used for all glycolytic and fermentative 
enzymes throughout the remainder of this thesis.

Chapter 5 will build on the results of Chapters 2 and 3. The aim of Chapter 5 
is to explain the metabolic part of the observed flux regulation and to understand 
the differences in the regulation patterns between growth conditions. Some 
experiments of Chapters 2 and 3 will be repeated with the in vivo-like enzyme assay 
and all the data will be implemented in an adapted version of the computer model 
of glycolysis, originally developed by Teusink et al. [301]. I will show that iterative 
cycles of experimentation and model improvement will gradually improve the fit 
between experiment and model. However, adjustment of the influx of glucose into 
glycolysis with its passage through lower glycolysis via glyceraldehyde-3-phosphate 
dehydrogenase is of great importance. I will demonstrate quantitatively that this 
adjustment is not yet fully understood.  

Chapter 6 will deal with the turnover of proteins as a means of flux regulation. 
It is known that during nitrogen starvation, protein degradation plays an important 
role in maintaining the free amino-acid levels in the cell [5, 221]. In line with this, 
Chapters 2, 3 and 5 report mostly decreases rather than increases of enzyme 
capacities upon nitrogen starvation. To study the regulation of flux by protein 
degradation quantitatively, a high-throughput method for measuring rates of protein 
degradation is required. In Chapter 6 I describe a new method, which was developed 
in collaboration with our project partners. Although the method is based on existing 
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and accepted techniques and was applied to a certain growth condition [234], I will 
show that its application to different growth conditions is not straightforward. Based 
on a computational model I will discuss the validity of the method and show that 
missing parameters can be obtained by additional experimental analysis.

In Chapter 7 I will discuss the impact of the most important findings of this thesis, 
in the context of the Vertical Genomics project and of developments in Systems Biology 
during the course of my research. I will discuss the results of standardization of the 
experimental protocols between the different laboratories in the Vertical Genomics 
project as well as in larger consortia. In addition, I will give a critical overview of 
the regulation patterns found in the studies from the recent past and in the Vertical 
Genomics project. Finally, directions for future research will be discussed.

Altogether, this thesis will give quantitative insight into how different levels of 
regulation act in a concerted manner when yeast cells adapt to perturbations in the 
environmental conditions and specifically when they adapt to nitrogen starvation.
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Time-dependent Regulation Analysis dissects shifts 
between metabolic and gene-expression regulation 

during nitrogen starvation in baker’s yeast

Chapter 2

Abstract 

Time-dependent Regulation Analysis is a new methodology that allows unraveling 
both quantitatively and dynamically how and when functional changes in the cell 
are brought about by the interplay of gene expression and metabolism. In this first 
experimental implementation we dissect the initial and late response of baker’s yeast 
upon a switch from glucose-limited growth to nitrogen starvation.

During nitrogen starvation, unspecific bulk degradation of cytosolic proteins and 
small organelles (autophagy) occurs. If this is the primary cause of loss of glycolytic 
capacity, one should expect the cells to regulate their glycolytic capacity through 
decreasing simultaneously and proportionally the capacities of the enzymes in the 
first hours of nitrogen starvation. This then should lead to a regulation of the flux, 
which is initially dominated by changes in the enzyme capacity. However, metabolic 
regulation is also known to act fast. To analyze the interplay between autophagy and 
metabolism, we have examined the first four hours of nitrogen starvation in detail by 
time-dependent Regulation Analysis. Some enzymes were regulated initially more 
by a breakdown of enzyme capacity and only later through metabolic regulation. 
However, other enzymes were regulated metabolically in the first hours and then 
shifted towards regulation via enzyme capacity. We conclude that even initial 
regulation is subtle and governed by different molecular levels.

This chapter has been published previously: K. van Eunen, J. Bouwman, A. 
Lindenbergh, H.V. Westerhoff and B.M. Bakker (2009). Febs J 276, 5521-5536.





2.1 Introduction

Living organisms have the option to regulate their molecular activities by altering 
the expression of the corresponding genes. For instance, in the yeast Saccharomyces 
cerevisiae changes in glycolytic flux have frequently been found to be accompanied 
by changes in enzyme capacities [76, 261, 317] or amounts [215]. However, a change 
in flux through a certain enzyme can also be regulated through the interaction of 
that enzyme with altering concentrations of its substrate(s), product(s) and/or 
modifier(s) (metabolic properties). To quantify to what extent the change in flux 
through an individual enzyme is regulated by a change in enzyme capacity (Vmax) 
and to what extent by changes in the interactions of the enzyme with the rest of 
metabolism, Regulation Analysis was developed [232, 259, 299].

So far, Regulation Analysis has been applied to compare two steady states. 
Previous studies revealed a diversity of regulation which remained visible after the 
cells ultimately adjusted their enzyme capacities to the new steady state [76, 232, 
259]. In order to get insight into adaptation strategies of organisms, it would be more 
informative to follow the patterns of regulation during the transition from one steady 
state to another. To this end time-dependent Regulation Analysis has been developed 
[43].

Regulation Analysis has the rate through an enzyme (v) vary proportionally to a 
function f that depends on enzyme concentration (e), and to a function g that depends 
on metabolic effects (X, K). 

Regulation of the gene-expression cascade leading to the enzyme in question, changes 
f(e). Most often, the function f(e) equals Vmax.  Changes in function g are caused by 
changes in concentrations of substrates, products and effectors (X), and by changes 
in affinities (1/K) of enzyme e towards its substrates, products and effectors (K). 
As derived previously [258, 299] gene-expression and metabolic regulation can be 
dissected as follows:

Here J denotes the flux through the pathway, which at steady state equals the 
enzyme rate v. ∆ denotes the difference between two steady states. The hierarchical 
regulation coefficient ρh quantifies the relative contribution of changes in enzyme 
capacity (Vmax) to the regulation of the flux through the enzyme of interest. The 
hierarchical regulation coefficient is associated with changes in the entire gene-
expression cascade all the way from transcription to protein synthesis, stability and 
modification [76, 259], hence the name ‘hierarchical’. The relative contribution of 
changes in the interaction of the enzyme with the rest of metabolism is reflected in 
the metabolic regulation coefficient ρm.  And, together the two regulation coefficients 
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should describe regulation completely, i.e. add up to 1.
Experimentally the hierarchical regulation coefficient is the one that is more 

readily determined, as it requires only measurements of the Vmax of the enzyme and 
the flux through it under two conditions, according to:

The metabolic regulation coefficient can then be calculated from the summation law 
(ρm = 1 – ρh). For a more elaborate description and discussion of the method, see 
Rossell et al. [258]. 

Time-dependent Regulation Analysis is an extended version which quantifies the 
regulation coefficients as a function of time [43]. For this study we have used the 
integrative version of time-dependent Regulation Analysis, which integrates all the 
regulation between time points t0 (the start of the perturbation) and t. This results in 
the following equations:

We denote the in vivo rate through the enzyme with v rather than J because we are 
now considering transient rather than steady states.

In this study we have applied the time-dependent Regulation Analysis to the case 
of nitrogen starvation of yeast cells. A brief period of nitrogen starvation is applied at 
the end of the production process of industrial baker’s yeast (S. cerevisiae) in order 
to increase its carbohydrate content, which in turn increases the storage stability 
of the yeast [57, 241]. This period of nitrogen starvation leads to a partial loss of 
the fermentative capacity, which is defined as the specific rate of carbon dioxide and 
ethanol production immediately upon introduction of the yeast into an anaerobic, 
glucose-excess environment (i.e. the dough). The production of carbon dioxide 
plays a major role in leavening of the dough and gives bread its open structure. It 
is believed that the loss in fermentative capacity is mainly caused by degradation 
of proteins. Unspecific bulk degradation of cytosolic proteins and small organelles 
via autophagy is enhanced [165, 199] within 30 minutes of nitrogen starvation and 
protein half-lives of less than an hour are measured [171, 297]. If autophagy is the 
primary cause of the observed changes in fermentative flux, one should expect that 
the regulation of the loss of the fermentative flux is mainly at hierarchical level. On the 
other hand, several studies showed strong changes in glycolytic metabolites, notably 
adenine nucleotides and fructose 1,6-bisphosphate upon nitrogen starvation [41, 
176]. Generally, metabolic regulation is known to be relatively fast. However, these 
studies do not analyze to which extent the observed metabolite changes actually 
affect enzyme rates. Therefore, Regulation Analysis is fundamentally different from 
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other types of analysis, as it quantifies the overall importance of metabolism versus 
gene expression before zooming into specific metabolites. 

Earlier studies of Regulation Analysis of nitrogen starvation of yeast revealed 
a mixed and diverse regulation [259]. Both gene expression and metabolism 
contributed to the overall regulation, but to different extents for different enzymes. 
However, as this analysis was not time-resolved, but rather measured the endpoint 
of regulation, secondary regulation events could have taken place, obscuring a more 
decisive regulation strategy put in place by the cells immediately upon starvation.

In this study we have investigated how regulation develops in time while yeast 
adapts to nitrogen starvation. If unspecific bulk degradation of proteins is the primary 
cause of the loss of fermentative capacity, we hypothesize that the initial regulation 
will be purely hierarchical. Such ‘multisite regulation’ [100] would lead to initial 
metabolite homeostasis and lack of metabolic regulation. Alternatively, metabolic 
regulation may be involved from the beginning, which will become visible as a mixed 
regulation or even a complete metabolic regulation in the early time points. To our 
knowledge this will be the first experimental study ever in which regulation is studied 
in this way with quantitative time resolution.

2.2 Material and Methods

2.2.1 Strain and growth conditions

The haploid, prototrophic Saccharomyces cerevisiae strain CEN.PK113-7D 
(MATa, MAL2-8c, SUC2, obtained from P. Kötter, Frankfurt, Germany) was cultivated 
in an aerobic glucose-limited chemostat culture at 30 °C in a laboratory fermentor 
(Applikon, Schiedam, the Netherlands). The working volume of the culture was kept 
at 1 liter by an effluent pump coupled to a level sensor. Chemostat cultures were 
fed with defined mineral medium [320] in which glucose (42 mM) was the growth-
limiting nutrient and ammonium sulfate the sole nitrogen source at 38 mM. Yeast cells 
were grown under respirofermentative conditions at a dilution rate of 0.35 h-1. The 
stirring speed was 800 rpm. The pH was kept at 5.0 ± 0.1 by an ADI 1010 controller, 
via automatic addition of aliquots of 2 M KOH. The fermentor was aerated by flushing 
with air at a flow rate of 30 l.h-1. Chemostat cultures were assumed to be in steady 
state when, after at least five volume changes, the culture dry weight, the specific 
carbon dioxide production rate and the oxygen consumption rate had changed by 
less than 2% after at least one volume change. The number of generations after 
the start of the chemostat cultivation was kept below 20, because it is known that 
changes in the cell population occur during prolonged chemostat cultivation [151, 
190]: the perturbation was performed after 18-19 generations.

2.2.2 Perturbation conditions

For the nitrogen-starvation experiments the same defined mineral medium was 
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used as for the chemostat culture, except that ammonium sulfate was lacking and 
glucose was in excess (195 mM). Also in the case of the nitrogen-excess conditions 
the same defined mineral medium was used but now in the presence of ammonium 
sulfate (38 mM) and with 195 mM glucose. Yeast cells were harvested from the 
steady-state chemostat described above, washed with equal volumes of ice-cold 
(4 °C) nitrogen-starvation medium or nitrogen-excess medium, and resuspended 
in the corresponding medium to an equal volume as had been harvested from the 
chemostat culture (loss of cells was less than 5%). These cells were brought back into 
a new fermentor under batch conditions at 30 °C, the pH being kept at 5.0 ± 0.1 and 
the stirring speed at 800 rpm. Again the culture was flushed with air at a flow rate 
of 30 l.h-1. Samples were taken for measuring the whole cell protein concentration, 
the fermentative capacity, the mRNA levels and the capacities of the glycolytic and 
fermentative enzymes. After all samples had been taken, the remaining culture 
volume was around 500 ml.  In this and earlier studies the fermentative capacity 
is measured as the rate of ethanol production in an off-line assay in which cells are 
transferred to a complete growth medium under anaerobic conditions at excess of 
glucose [317].

The results from steady-state samples and time point zero immediately after the 
perturbations were similar. When we normalized our data, we always used the zero 
hour time point as the reference.

2.2.3 Analytical methods

Culture dry weights were determined as described in [230], with the modification 
that the filters were dried over night in a 60 °C incubator. Cell numbers were counted 
by a Coulter Counter (Multisizer 3, Beckman Coulter), using a 30 µm aperture. 

For whole cell protein measurement, 1 ml of cell culture was spun down and 
washed once with demineralized water. The cell pellet was resuspended in 1 ml 
(final volume) of 1 M NaOH, incubated at 100 °C for 10 minutes and subsequently 
cooled on ice. The protein concentration was determined according to the Lowry 
method with bovine serum albumin (2 mg/ml stock solution, Pierce) in 1 M NaOH 
as standard (final concentration of BSA stock solution in 1 M NaOH was 1.8 mg/ml).

2.2.4 Fermentative capacity and steady-state fluxes

The fermentative capacity is measured as the rate of ethanol production in an 
off-line assay in which cells are transferred to a complete growth medium under 
anaerobic conditions at excess of glucose. Culture samples were taken and cells were 
washed and taken up in defined mineral medium [320] lacking glucose. In previous 
studies we never observed significant alterations in enzyme activities during the 
washing of cells and transfer to the new medium. The fermentative capacity and the 
steady-state fluxes were measured under anaerobic conditions with excess of glucose 
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(56 mM, added at time 0) for 30 minutes in a 6% wet weight cell suspension at 30 °C. 
The setup used for the determination of fermentative capacity was described in Van 
Hoek et al. [317], with the modification that the headspace was flushed with water-
saturated N2 (0.6 l.h-1) instead of with CO2. The concentrations of ethanol, glucose, 
glycerol, succinate, pyruvate, acetate, and trehalose were measured by HPLC analysis 
(300 mm x 7.8 mm ion exchange column Aminex-HPX 87H (Bio-Rad) kept at 55 °C, 
with 22.5 mM H2SO4 as eluent at a flow rate of 0.5 ml.min-1). The HPLC was calibrated 
for all the metabolites measured. 

After a brief lag time the production of ethanol was constant over the entire 30 
minutes. We assume that the lag time is due to the system coming to a metabolic 
steady state. As the time dependent regulation during the assay is not the focus of 
our study, we did not sort this out further. We cannot exclude however that more 
permanent modifications to the enzymes occur. Such modifications will be scored 
as part of the metabolic regulation. Previously, Rossell et al. found that this might be 
the case for pyruvate kinase, but not for any of the other enzymes [259]. The fluxes 
through the enzymes of the glycolytic and fermentative pathways were calculated 
from steady-state rates of glucose consumption and ethanol and glycerol production, 
based on the stoichiometric scheme in Figure 2.2. We assumed that, if the consumed 
carbon did not completely match the produced carbon, the difference was in the 
glycogen flux, which we did not measure for reasons of limited accuracy. In Figure 
2.2 the enzymes with the same flux are boxed together. The flux through HXK is equal 
to the glucose flux. Fluxes through PGI, PFK and ALD were calculated by dividing the 
sum of the glycerol and ethanol fluxes by two. The fluxes through the enzymes from 
GAPDH to ADH were taken to be equal to the measured ethanol flux. As the fluxes 
were determined under anaerobic conditions, there was no flux into the citric-acid 
cycle and respiration. Other fluxes, which could have contributed (acetate, pyruvate 
and biomass) were negligible (see Results section 2.3).

2.2.5 Enzyme capacity measurements

For preparation of cell-free extracts, samples were harvested, washed twice 
with 10 mM (potassium) phosphate buffer (pH 7.5) containing 2 mM Na2H2-EDTA, 
concentrated 10-fold and stored at -20 °C. Samples were thawed, washed and 
resuspended in an equal volume of 100 mM (potassium) phosphate buffer (pH 7.5) 
containing 2 mM MgCl2 and 1 mM dithiothreitol. Cell-free extracts were prepared 
by using the FastPrep® method with acid-washed glass beads (425-600 microns, 
Sigma). Eight bursts of 10 seconds at a setting of 6.0 were administered. In between 
the bursts, samples were cooled on ice for at least 1 minute. NAD(P)H-linked enzyme 
capacity assays were carried out on freshly prepared extracts [317]. The extract 
was used at four different dilutions, to check for proportionality of the assays. In 
nearly all cases the rate was proportional to the amount of extract for at least two 
or three dilutions and only these data points were used for further calculations. 
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Proportionality depended strongly on the capacity of the enzyme, i.e. when the 
capacity was high the capacity of the less diluted samples was not proportional to 
that of the other samples. In a few cases the capacity of the enzyme was so low that 
only the undiluted sample could be measured.

The Novostar (BMG Labtech) was used as an analyzer for spectroscopic 
measurements. All enzyme capacities were expressed as moles of substrate converted 
per minute per mg of extracted protein. The protein concentration in the extract was 
measured with a Bicinchoninic Acid kit (BCA™ Protein assay kit, Pierce) with bovine 
serum albumin (2 mg/ml stock solution, Pierce) containing 1 mM dithiothreitol as 
standard. 

2.2.6 Regulation Analysis

To study the dynamics of regulation in time, integrative time-dependent Regulation 
Analysis was used [43]. Time-dependent hierarchical regulation coefficients (ρh(t)) 
were calculated according to Eq. 2.5 (see Introduction section 2.1). Time point t0 is 
defined as the time at which the perturbation was started after washing the cells. In 
total four experiments, in which the cells were shifted to nitrogen starvation with 
excess of glucose, were carried out starting from independent chemostat cultures 
and the cultures were monitored during the first 4 hours of starvation. Vmax values 
were determined in three of the nitrogen-starvation experiments and for three 
parallel experiments the steady-state fluxes were estimated. Averages and standard 
deviations (SD) were calculated separately for the numerator and the denominator of 
Eq. 2.5. Based on the SD’s of the numerator and the denominator the standard errors 
of the mean (SEM) of ρh were computed, assuming statistical independence of the 
two. The time-dependent metabolic regulation coefficients (ρm(t)) were calculated 
according to the summation law (Eq. 2.4). The same procedure was followed for time 
point 24 h of the nitrogen starvation, based on two datasets, and for the nitrogen-
excess conditions, based on three datasets. 

2.2.7 Transcript levels measured by qPCR

Total RNA was isolated by the hot-phenol method [273]. Genomic DNA was 
removed using DNase I (Ambion) and cDNA was made using random primers (Bioke, 
NL). Oligonucleotide primers were designed to amplify an 80-120 bp amplicon. PDI1 
(protein disulfate isomerase) was chosen as an internal standard. Primers were 
designed with Primer Express software 1.0 (PE Applied Biosystems, Foster City, CA, 
USA).  PCR reactions (20 µl) were set up and run as described by the manufacturer. 
The reactions contained 5 µl of SYBR Green PCR Core Kit (Bioke, NL), 3 pmol of each 
primer (Isogen or Biolegio, NL) and 3 µl of cDNA template (equivalent to 1 ng of RNA). 
Amplification, data acquisition, and data analysis were carried out in the ABI 7900 
Prism Sequence Detector (once at 2 min, 50 °C; 10 min, 95 °C; followed by 40 cycles at 
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95 °C, 15 s; 60 °C, 1 min). The calculated cycle threshold values (Ct) were exported to 
Microsoft Excel for analysis using the ∆∆Ct method [288]. Briefly, the cycle threshold 
(Ct) values were used to calculate the relative level of gene expression  of a certain 
gene (X) normalized to the mean of the control gene PDI1 and the steady-state sample 
of the chemostat culture (Eq. 2.6 and 2.7). We have normalized to steady state and not 
to the t0 because differences between these two points were observed. The reason for 
the differences is probably that changes in mRNA levels occur much faster than for 
instance differences in protein levels. Dissociation curves (Dissociation Curves 1.0 f. 
software, PE Applied Biosystems, Foster City, CA, USA) of PCR products were run to 
verify that only the correct product was amplified.

2.3 Results

2.3.1 Growth and perturbation conditions 

S. cerevisiae strain CEN.PK113-7D was grown in aerobic glucose-limited chemostat 
cultures at a dilution rate of 0.35 h-1. Under these conditions a respirofermentative 
metabolism was observed (Table 2.1), in agreement with literature data [318]. To 
induce nitrogen starvation, cells were transferred from the steady-state chemostat 
cultures to a batch culture in medium lacking nitrogen but with excess of glucose. 
The addition of glucose served to prevent additional starvation for the carbon source. 
To discriminate between the effects caused by nitrogen starvation and by the shift 
from glucose limitation to glucose excess, control experiments were done in which 
the cells were shifted to glucose excess, but in the continued presence of nitrogen. 
Samples were taken from the steady-state cultures and at time points 0, 1, 2, 3, 4 
and 24 hours after the start of the perturbation. The 24 h sample was only taken 
during nitrogen starvation, because in the presence of nitrogen, glucose was already 
depleted in 5-6 hours after the start of the perturbation.

Figure 2.1A shows that the total cell protein remained constant during nitrogen 
starvation. In the cells shifted to glucose excess in the presence of nitrogen, the total 
protein in the cultures increased with time (Student’s t-test, P < 0.05). In both cultures 
the cell numbers increased in time (Figure 2.1B). However, the cell number increased 
exponentially in the cells shifted to glucose excess in the continued presence of 
nitrogen, while the cells stopped dividing after 4 hours of nitrogen starvation. This 
suggests that the cells finished their division during nitrogen starvation, and further 
growth did not occur. This was substantiated by Coulter Counter data that during 
nitrogen starvation a peak of smaller cells occurred and persisted, indicating that the 
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cells after division did not grow anymore in volume (data not shown). 

Table 2.1: Physiological parameters of the aerobic glucose-limited chemostat cultures from which cells 
were taken, to be subjected to nitrogen starvation and glucose-excess conditions or glucose and nitrogen 
excess conditions. Dilution (growth) rate was set to 0.35 h-1. Errors represent SEM of seven independent 
chemostat cultures.

Yieldglu,X

(g.g-1)
qO2

a qCO2
b RQc qglucose

a qethanol
b

Dry weight

 (g.L-1)

Carbon 
recovery

(%)

0.29 ± 0.01 7.2 ± 0.2 12.9 ± 0.4 1.8 ± 0.0 6.8 ± 0.1 5.2 ± 0.2 2.2 ± 0.1 93 ± 1

a mmol consumed per gram biomass per hour; 
b mmol produced per gram biomass per hour; 
c respiratory quotient (qCO2/qO2).

2.3.2 Fermentative capacity and steady-state fluxes

First the fermentative capacity, i.e. the ethanol flux under anaerobic conditions at 
glucose excess, was measured in an off-line assay. Because the fermentative capacity 
was measured in an off-line assay after transfer to fresh medium, the extracellular 
metabolic conditions were equal for all samples. This implies that any metabolic 
regulation can only be caused by changes in intracellular metabolite concentrations. 

Samples were taken from the perturbed cultures at the different time points. 
The cells were washed and transferred to an anaerobic vessel containing a fresh 
and complete (with 38 mM ammonium sulfate) defined mineral medium [320] 
with an excess amount of glucose (56 mM). This condition mimics the situation of 
baker’s yeast in dough [317]. Apart from the ethanol flux also the fluxes of glucose, 
glycerol, acetate, succinate, pyruvate and trehalose were measured over a period of 
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Figure 2.1: Whole cell protein and cell numbers per liter of cell culture were measured after a shift to 
nitrogen-starvation and glucose-excess (closed circles) or glucose- and nitrogen-excess conditions (open 
circles), from glucose-limited chemostat conditions. The error bars in the figure of whole cell protein 
represent SEM of four independent nitrogen-starvation experiments and of three independent glucose-
excess experiments carried out on in total 7 different chemostat cultures. The error bars in the figure of 
cell number represent SEM of two independent experiments of both perturbation conditions carried out 
on in total 4 different chemostat cultures.



30 minutes. In these 30 minutes biomass production was not measurable, consistent 
with earlier research [313], and therefore we neglected fluxes into biomass in 
our calculations (see Material and Methods section 2.2.4). The production fluxes 
of acetate, pyruvate and succinate were always below 1% of the rate of glucose 
consumption (see Supplemental Tables S2.1 and S2.2). The other fluxes are given in 
Table 2.2. In the nitrogen-starvation experiment, the carbon consumed in the off-line 
assay matched the produced carbon within the experimental error (see Supplemental 
Table S2.1). In the experiment in which the cells were shifted to glucose excess in the 
presence of nitrogen, the carbon balance matched only in the 0 hour sample. In the 
other samples the assessed carbon production rates were 17-21% lower than the 
carbon consumption rates (see Supplemental Table S2.2). The assumption that the 
difference is in the glycogen flux is in this case not realistic, since glycogen is usually 
consumed during glucose-excess conditions instead of produced. The most likely 
explanation is that the missing carbon ends up in biomass and biomass-related CO2. 
Note that CO2 was not measured in the fermentative-capacity assay and the reported 
CO2 flux is calculated based on the catabolic fluxes. We have recalculated the fluxes 
through the enzymes by assuming that the gap in the carbon balance was due to a 
flux from pyruvate into biomass. Although this had an effect on the absolute fluxes 
it had little impact on the Regulation Analysis reported below. If the gap would be 
due, however, to drainage at other points in glycolysis and if the relative flux through 
such a branch would differ between the time points, this may somewhat affect the 
reported regulation coefficients in the control experiment.

Table 2.2: Experimentally measured fluxes expressed in mmol per minute per gram of protein for the 
various time points (tn denoted as n hours after the start of the perturbation) for both perturbations. 
Negative values represent consumption of the metabolite by the pathway, and positive values represent 
the production of the metabolite. The errors represent SEM of three independent experiments carried 
out on different chemostat cultures (two for t24 in nitrogen-starvation experiment). Fluxes were not 
determined (n.d.) at t24 in the glucose-excess experiment.

Experiment Metabolite t0 t1 t2 t3 t4 t24

Nitrogen 
starvation

Glucose -0.40 ± 0.02 -0.40 ± 0.02 -0.37 ± 0.00 -0.33 ± 0.02 -0.31 ± 0.02 -0.17 ± 0.02

Ethanol 0.66 ± 0.04 0.60 ± 0.02 0.56 ± 0.01 0.54 ± 0.01 0.56 ± 0.03 0.53 ± 0.01

Glycerol 0.08 ± 0.00 0.08 ± 0.00 0.09 ± 0.00 0.08 ± 0.00 0.08 ± 0.00 0.05 ± 0.01

Trehalose 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 -0.01 ± 0.00 -0.01 ± 0.00 -0.04 ± 0.01

Glucose 
excess

Glucose -0.37 ± 0.03 -0.52 ± 0.01 -0.56 ± 0.02 -0.57 ± 0.02 -0.60 ± 0.06 n.d.

Ethanol 0.62 ± 0.04 0.71 ± 0.02 0.77 ± 0.04 0.84 ± 0.04 0.89 ± 0.10 n.d.

Glycerol 0.08 ± 0.00 0.09 ± 0.00 0.09 ± 0.00 0.09 ± 0.01 0.09 ± 0.01 n.d.

Trehalose 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 n.d.
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The fluxes through the individual enzymes were calculated from the measured 
off-line fluxes (Table 2.2) as described in Material and Methods (section 2.2.4). 
Figure 2.2 shows the results. Shift to glucose excess resulted in an upregulation of 
the fluxes through all glycolytic and fermentative enzymes. The same shift in glucose 
concentration but accompanied by nitrogen starvation resulted in a down regulation 
of the same fluxes. In Figure 2.2 the flux through alcohol dehydrogenase and through 
the enzymes in the lower branch of glycolysis corresponds to the fermentative 
capacity. Upon the shift from glucose-limited to glucose-excess conditions (in 
the presence of nitrogen) the fermentative capacity increased by 40%. When the 
same shift was accompanied by the shift to nitrogen starvation a 20% decrease in 
fermentative capacity was observed. This suggests that the decrease in fermentative 
capacity is an effect of the nitrogen starvation by itself, but was counteracted by the 
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Figure 2.2: Fluxes through the glycolytic and fermentative pathways under anaerobic glucose-excess con-
ditions in cells that had undergone the shift to nitrogen starvation and glucose excess or to glucose-excess 
conditions in the presence of nitrogen. Cells were transferred to the off-line assay system at various time 
points during nitrogen-starvation and glucose-excess (closed circles) or during glucose- and nitrogen-
excess conditions (open circles). In this simplified scheme of the glycolytic and fermentative pathways 
the enzymes with the same flux are depicted in the same box. Measured fluxes are depicted in boldface 
letters. Branching metabolites connect the boxes. Fluxes were calculated based on the stoichiometry of the 
glycolytic and fermentative pathways (described under Material and Methods section 2.2.4). In the graphs 
the fluxes through the glycolytic and fermentative pathways are plotted as a function of time. Fluxes are 
depicted in percentage with respect to the flux at t0. The error bars represent SEM of three independent 
experiments carried out on cells from different chemostat cultures (two for t24 in the nitrogen-starvation 
experiment).



shift from glucose-limited to glucose-excess conditions. Both the decrease of the 
fermentative capacity during nitrogen starvation and the increase during glucose 
excess (in the presence of nitrogen) in glucose consumption and ethanol production 
were significant (Student’s t-test, P < 0.05). 

2.3.3 Enzyme capacities

We also measured how the catalytic capacities (Vmax) of the enzymes involved in 
fermentation developed in time. Figure 2.3 shows these Vmax values as a percentage 
of their values at t0 (absolute enzyme capacities are presented in Tables S3 and S4 of 
the supplementary data). During the first 4 hours of nitrogen starvation all enzymes 
except for PGI and GAPDH were downregulated significantly. Importantly, after 24 
hours of nitrogen starvation the capacities of the enzymes PGK, GPM and PYK, had 
returned to their original levels of t0 (Figure 2.3 and Supplemental Table S2.3).

When the cells were transferred from glucose-limited to glucose-excess conditions 
in the presence of nitrogen, the capacities of HXK, ALD, PGK, GPM, PYK and PDC, 
were upregulated. The capacity of ADH was downregulated and the capacities of 
PGI, PFK and GAPDH stayed constant. PGI was only downregulated at time point 4 
h. The trend, that more enzymes were upregulated than downregulated parallels the 
observed upregulation of the fluxes under this condition. 
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UFigure 2.3: The Vmax values of the glycolytic and fermentative enzymes expressed as percentages with 
respect to their values at t0, during shift to nitrogen-starvation and glucose-excess (closed circles) or to 
glucose-excess conditions in the presence of nitrogen (open circles). Error bars represent the SEM of 
three (two for t24 in nitrogen-starvation experiment) independent experiments carried out on cells from 
different chemostat cultures. Absolute values are reported in Supplemental Tables S2.3 and S2.4.



2.3.4 Time-dependent Regulation Analysis during the first 4 
hours

If the initial regulation during nitrogen starvation would be dominated by 
unspecific bulk degradation of cytosolic proteins and small organelles, all hierarchical 
regulation coefficients should be equal to 1 initially. According to the summation 
theorem (Eq. 2.4) all metabolic regulation coefficients should then equal zero. If, 
alternatively, metabolic regulation comes into play early on, one might expect mixed 
or pure metabolic regulation, exemplified by hierarchical regulation coefficients 
lower than 1 in the early time points. To test these possibilities quantitatively, time-
dependent Regulation Analysis was applied to the data to assess how the fluxes 
under the conditions of the fermentative capacity were regulated as a function of the 
time into nitrogen starvation (or, in the control experiment the time into glucose and 
nitrogen excess). Hierarchical coefficients were calculated as a function of time into 
starvation according to the integrative form of time-dependent Regulation Analysis 
(Eqs. 2.4 and 2.5). The results for the two perturbations are shown in Figures 2.4 (shift 
from glucose limitation to nitrogen starvation and glucose excess) and 2.5 (relief from 
glucose limitation only). Instead of the anticipated hierarchical regulation, a diversity 
of regulation was observed already in the first 4 hours of nitrogen starvation and 
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Figure 2.4: Hierarchical regulation coefficients quantifying the regulation upon shift to nitrogen-starvation 
and glucose-excess conditions. Regulation coefficients were calculated according to the integrative time-
dependent Regulation Analysis (see Introduction section 2.1). The error bars represent SEM of three 
independent experiments carried out on cells from four different chemostat cultures. The dashed lines 
indicate a ρh of 1.0 and the dotted lines indicate a ρh of 0.



even within the first hour (Figure 2.4). In the shift to glucose-excess experiments, 
in the presence of nitrogen, the regulation was different, but again diverse. Below, 
the different categories of regulation and the shifts from one to another that were 
observed during the first 4 h, are discussed.

Purely metabolic regulation Enzymes with a metabolic regulation coefficient 
(ρm) close to 1 and a hierarchical regulation coefficient (ρh) close to 0 were found 
in cells adjusting to nitrogen starvation, as well as in cells accommodating excess 
glucose. The changes in fluxes through these enzymes were regulated purely by 
interactions with their substrate(s), product(s) or other metabolites and not by 
changes of Vmax. GAPDH was regulated metabolically in both perturbations, PGI 
only upon nitrogen starvation and PFK only under after the shift to glucose-excess 
conditions in the presence of nitrogen.

Purely hierarchical regulation Only few enzymes were found to have a ρh value 
close to 1 during the first four hours. The flux through these enzymes was mainly 
regulated through the change in Vmax. The contribution of their interaction with their 
substrate(s) and product(s) to the regulation of their capacity was thereby negligible. 
During nitrogen starvation only PGK was regulated hierarchically and GPM came 
closest in the shift to glucose excess, in the presence of nitrogen (see Figure 2.5).

Antagonistic regulation directed by metabolism A negative ρh value is obtained 
when the flux changes in the opposite direction as compared to the Vmax. This implied 
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Figure 2.5: Hierarchical regulation coefficients quantifying the regulation upon the transition to glucose-
excess conditions in the presence of nitrogen. Regulation coefficients were calculated according to the 
integrative time-dependent Regulation Analysis (see Introduction section 2.1). The error bars represent 
SEM of three independent experiments carried out on ditto-different chemostat cultures. The dashed lines 
indicate a ρh of 1.0 and the dotted lines indicate a ρh of 0.



that the metabolic regulation dominated and was counteracted by hierarchical 
regulation. The regulation of ADH during glucose-excess conditions, in the presence 
of nitrogen was the prime example of this category, to an extent increasing with time.

Progression towards more hierarchical regulation In this category any 
time profile was classified that showed an increasing contribution by hierarchical 
regulation. This could be a shift of ρh from 0 to around 1, but also any other time 
profile in which ρh increased. This means that as time progressed changes in Vmax 
became more important at the cost of metabolic regulation. The enzymes PFK, GPM 
and ADH belonged to this category when the cells were starved for nitrogen. PGK was 
regulated in this way in the cells shifted to glucose excess, in the presence of nitrogen. 
HXK, ALD, PYK and PDC showed increasing hierarchical regulation upon both 
perturbations. However, upon the shift from limiting to excess glucose with excess 
nitrogen throughout, all these enzymes showed decreased hierarchical regulation 
after three or four hours.  

Progression towards metabolic regulation This category is the opposite of the 
previous. In this case metabolic regulation becomes more important over time. The 
behavior of PGI during glucose-excess conditions, in the presence of nitrogen, is an 
example of this form of regulation.

Table 2.3: Categories of regulation. Enzymes were classified to the various categories based on the 
regulation during the first four hours after the start of the perturbations, i.e. nitrogen-starvation and 
glucose-excess conditions (closed circles) or glucose- and nitrogen-excess conditions (open circles). 
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A summary of all regulation is given in Table 2.3. This table shows visually that 
5 out of 10 enzymes exhibit a similar regulation pattern upon the two different 
perturbations. Furthermore, there is a large variation between the conditions, 
although under starvation conditions 7 out of 10 enzymes tend to an increased 
contribution by gene expression as a function of time. Altogether the results indicate 
that at no point in time into starvation the enzyme capacities had gone down 
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proportionally to each other and to the flux. With initially 4 enzymes predominantly 
regulated metabolically (HXK, PGI, PFK, GAPDH, ρh close to zero at 1h), 5 enzymes 
dominated by gene expression (ALD, PGK, GPM, PDC, ADH, ρh ≥ 1 at 1h) and one 
enzyme with cooperative regulation (PYK, 0 < ρh < 1 at 1 h), one cannot state that 
either autophagy precedes metabolic regulation or vice versa (Figure 2.4). Apparently 
both mechanisms contribute from the beginning. Seven out of ten enzymes exhibited 
a shift in regulation between 1 and 4 h, always in the direction of hierarchical 
regulation.

Table 2.4: Comparison of the regulation coefficients after 24 hours of nitrogen starvation of cells that 
started off as respirofermentative growing cells in a chemostat culture at D = 0.35 h-1 and cells that started 
off as growing exponentially in a batch culture [259]. The errors represent, SEM of two independent 
experiments carried out on different chemostat cultures (this study) and SEM of four independent 
experiments carried out on different batch cultures.

Respirofermentative growing cells
(this study)

Exponential growing cells
Rossell et al. 2006 [259]

Enzyme ρh SEM ρm ρh SEM ρm

HXK 0.8 0.1 0.2 1.0 0.2  0.0

PGI 3.5 0.9 -2.5 0.8 0.3  0.2

PFK 1.9 0.2 -0.9 0.4 0.2  0.6

ALD 2.0 0.3 -1.0 1.1 0.5 -0.1

GAPDH 0.0 0.2 1.0 0.7 0.5  0.3

PGK 0.1 0.0 0.9 0.0 0.2  1.0

GPM -0.2 0.0 1.2 1.0 0.4  0.0

PYK 0.5 0.2 0.5 1.4 0.3 -1.4

PDC 3.6 0.2 -2.6 2.3 0.6 -1.3

ADH 3.9 0.2 -2.9 1.7 0.4 -0.7

2.3.5 Integrated regulation after 24 hours 

In this study the growth condition prior to the nitrogen starvation differed from 
the conditions used in the earlier study of Rossell et al. [259]. Here, we have grown 
yeast under glucose-limited conditions (chemostat cultivation at a high dilution 
rate), whereas in the study of Rossell et al. [259] cells had been grown in glucose 
excess (batch cultivation). To compare the two studies, we calculated the regulation 
coefficients after 24 h of nitrogen starvation from our data and compared the results 
to those from the earlier batch study. Table 2.4 shows the results. The initial growth 
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condition did not have any effect on the type of regulation of HXK, PGI, ALD, PDC and 
ADH. In both cases the regulation was dominated by gene expression (ρh  close to 
1 or higher), although the precise numbers differed substantially between the two 
conditions. Under both initial growth conditions PGK was regulated by metabolism 
(ρh close to 0). Since the SEM of the enzyme GAPDH was considerable in the study by 
Rossell et al. [259], it is unclear whether the discrepancy between the two studies in 
the regulation of GAPDH is real. However, the enzymes PFK, GPM and PYK were clearly 
regulated differently under the two growth conditions. Apparently the regulation 
of the flux through these enzymes upon the introduction of nitrogen starvation is 
sensitive to the growth conditions prior to nitrogen starvation. 

2.3.6 Transcript levels

The diversity in the time profiles of the Vmax values suggested that, apart from 
unspecific bulk degradation of proteins, other more specific regulation mechanisms 
of protein regulation were involved in the response to nitrogen starvation. To 
investigate to which extent such regulation took place at the mRNA level, we 
measured the transcript levels of nearly all glycolytic and fermentative genes by 
qPCR (Figure 2.6). First, the Vmax levels of PGI and GAPDH remained constant. We 
wondered whether (possible) degradation of these proteins would be compensated 
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starvation. Data were normalized to the mean of the control gene PDI1 and the steady-state samples of 
the nitrogen starvation experiments. The error bars represent the SEM of three independent experiments 
carried out on different chemostat cultures (two for time point t24).



by increased synthesis driven by increased transcription, but we found no increase in 
the mRNA levels of these enzymes. Figure 2.6A shows that the transcript level of PGI1 
did not change significantly. The transcript levels of the TDH genes, which code for 
GAPDH, were changed significantly (Student’s t-test, P < 0.05). TDH1 was increased, 
while TDH2 and TDH3 were both decreased (Figure 2.6B). However, as TDH3 was the 
most abundant of the three, the total transcript level of the TDH genes was decreased. 
Secondly, trends observed in the Vmax during the first 4 h were sometimes reversed in 
the 24 h time point. For instance, the Vmax’s of PGK, GPM and PYK decreased during the 
first 4 h, but recovered to their original values at 24 h. The recovery of the Vmax of PGK 
was, however, not preceded by a significant increase in transcript level. In the case of 
PYK one isoform increased and the other decreased at the mRNA level. Again one of 
the transcripts, in this case PYK1, was highly abundant, which resulted in lower total 
PYK mRNA levels. Due to problems with the primer sets, transcript levels of GPM 
were not measured. Finally, in most cases the changes in transcript levels predicted 
changes in isoenzyme distributions, but no overall up- or downregulation. It seems 
that the hierarchical part of the regulation is quite subtle and cannot be attributed to 
a single process in the gene-expression cascade.

2.4 Discussion

Time-dependent Regulation Analysis quantifies the relative importance of 
metabolism and gene expression in flux regulation. In this study we applied the 
method to dissect the primary mechanism(s) of flux regulation when yeast cells 
were adapting to nitrogen starvation. Our results showed that after one hour of 
nitrogen starvation some enzymes were dominated by metabolic regulation, while 
others were predominantly hierarchically regulated. GPM, PGK and to a lesser degree 
PYK exhibited hierarchical regulation during the first hours of nitrogen starvation 
and metabolic regulation after 24 hours, which would be in line with a primary 
role for autophagy. HXK, PFK and PGI, however, were initially rather regulated by 
metabolism and showed more hierarchical regulation after 24 hours.  This shows 
that neither autophagy nor metabolism could on its own be the primary cause of loss 
of fermentative capacity. Rather, a subtle interplay between the two was observed 
from the beginning. 

The diversity of regulation observed already during the first few hours of nitrogen 
starvation cannot be explained simply from the addition of high glucose to the 
starvation medium. Not only did we observe a decrease of many enzyme capacities 
during nitrogen starvation in the presence of high glucose and an increase upon 
glucose excess in a full growth medium, there was no (inverse) correlation either 
between the degree of downregulation under nitrogen starvation and the degree of 
upregulation upon glucose excess.

We have compared the measured flux and Vmax data to earlier reports. Both 
fermentative capacity and enzyme capacities measured at time point zero hours 
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(non-starved yeast cells) were highly comparable to the data obtained by Van 
Hoek et al. for yeast grown under identical conditions [318]. In addition we have 
calculated if the measured Vmax-values can support the fluxes measured under both 
perturbations. This is true for all enzymes, with the exception of PFK in the nitrogen-
excess experiment. The fact that PFK has quite a few allosteric regulators, i.e. ATP, 
citrate, fructose 2,6-bisphosphate, etc., might complicate measuring the actual Vmax. 
However, fructose 2,6-bisphosphate is no longer commercially available, which limits 
the possibilities for rapid further measurements. Altogether our results were similar 
to literature data and make sense to the yeast cell physiology. 

Since both metabolic and hierarchical regulation played a role in the adaptation 
of the yeast cell to nitrogen starvation, we will discuss the mechanisms acting at each 
level. The hierarchical regulation can be divided into several levels, i.e. mRNA synthesis 
and degradation, protein synthesis and degradation and protein modification. 

The finding that some Vmax values decreased faster than others is not consistent 
with the simple view of unspecific bulk degradation of cytosolic proteins. The simplest 
explanation might be that degradation of some enzymes is rapidly compensated by 
new synthesis. The synthesis of proteins can be regulated via the concentrations 
of the corresponding mRNAs or via the translation of these mRNAs. Although we 
observed quite some regulation of the glycolytic mRNA levels (Figure 2.6), there was 
no direct correlation to the time profiles of the corresponding Vmax-values. Notably, 
the restoration of the Vmax’s of PGK and PYK after 24 hours could not be predicted 
from the changes in their mRNA concentrations. Similarly, the constant Vmax’s of PGI 
and GAPDH could not be simply predicted from the corresponding mRNA levels. 
We did observe an increase of the TDH1 mRNA level, encoding one of the GAPDH 
isoenzymes, in line with earlier reports of induction of this transcript in heat-shocked 
cells and under glucose-starvation conditions [39]. However, in our experiments 
the decreased expression of TDH3, the most abundant of the three TDH transcripts, 
probably caused an overall decrease of TDH mRNA levels. The fact that hardly any 
correlation was observed between the transcript levels and the enzyme capacities is 
consistent with earlier observations [76, 118, 121].

The lack of correlation between the transcript levels and the enzyme capacities, 
suggests that the regulation of the Vmax values may be at the posttranscriptional level, 
i.e. protein synthesis, degradation and modification. It has been demonstrated that 
during nitrogen starvation the rate of protein synthesis is limited by the size of the 
free amino-acid pool and that autophagy is required to provide the cell with amino 
acids for new protein synthesis [221]. During the first 2 hours of nitrogen starvation, 
the total free amino-acid levels are dramatically decreased. After 3-6 hours the amino 
acid levels and the rate of protein synthesis are partly restored [221]. The quantitative 
analysis presented here suggests that protein breakdown and new synthesis cannot 
simply be separated in time. To understand the patterns of enzyme capacities in 
time, we should rather consider them as the result of the balance between protein 
synthesis and breakdown from the beginning. The differences between the different 
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enzyme capacities over time can result simultaneously from differences in their rates 
of synthesis and breakdown. The nitrogen starvation conditions, however, make it 
difficult to measure these rates for all the individual proteins involved. For medium- 
or high-throughput experiments of protein turnover stable-isotope-labeled amino 
acids or ammonium are commonly used [28, 88, 156, 234]. Under nitrogen starvation 
this is not an option. Alternatively, the incorporation of 13C from 13C-labeled glucose 
into new proteins could be monitored [56], but the recycling of amino acids that 
occurs during nitrogen starvation [221, 346] may preclude reliable calculations of 
protein-synthesis rates from such experiments.

If the different time profiles of the Vmax values are due to differences in the 
degradation rates of the corresponding proteins, there are two main scenarios. 
Either, some proteins are hidden from the protein-degradation machinery or this 
machinery recognizes the different proteins and distinguishes between them. 
There is evidence for either mechanism. First, GAPDH, one of the enzymes with a 
stable capacity during the first hours of nitrogen starvation, can be incorporated 
into the cell wall under stress conditions such as starvation and/or a temperature 
upshift. This incorporation of GAPDH into the cell wall in response to stress does not 
require de novo protein synthesis [84], indicating that this mechanism could work 
under nitrogen starvation and shield GAPDH effectively from unspecific breakdown 
of cytosolic proteins by autophagy. In our study we did not distinguish between 
different subcellular localizations of the glycolytic proteins, but it should be noted 
that such re-localization may also preclude participation of the enzyme in glycolysis 
and may therefore provide an additional layer of regulation.

Second, specificity of protein degradation is also a plausible mechanism to 
explain our data. In general, not all proteins are degraded to the same extent and 
at the same rate. The autophagy-route to degradation, which is often considered to 
be unspecific, has been reported to exhibit some specificity. For instance, one of the 
isoenzymes of acetaldehyde dehydrogenase (Ald6p), is degraded preferentially by 
autophagy [220]. Similarly, under some conditions autophagy can selectively remove 
certain organelles, such as endoplasmic reticulum, mitochondria or peroxisomes 
[21, 264, 298]. Autophagy of mitochondria and peroxisomes occurs during nitrogen 
starvation [161, 297, 327]. It has been suggested that the specificity of autophagy 
may depend on the kinetics of uptake by the vacuole and on the sensitivities of 
proteins to vacuolar proteases [164], which again may provide an additional layer 
of regulation. In addition, highly specific protein degradation occurs via proteasome-
mediated proteolysis of ubiquitin-tagged proteins [137]. Ubiquitination of proteins 
is catalyzed by three enzymes: the ubiquitin-activating enzyme (E1), the ubiquitin-
conjugating enzyme (E2) and the ubiquitin protein ligase (E3). E3 ubiquitin ligase 
binds directly to the substrate proteins and thereby regulates the specificity of the 
process [98, 228]. The glycolytic proteins, PFK2, TDH3, GPM1 and 3, ENO2, PDC5 and 
ADH6 showed interaction with the yeast E3 ubiquitin ligase RSP5 in a binding assay 
using protein chips [123]. For PFK, GPM, PDC and ADH this is in agreement with 
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the results for enzyme capacity. It is unknown if proteasome-mediated proteolysis is 
enhanced when the cells are starved for nitrogen. However, it has been shown that 
catalytic activity of the Ubp3p/Bre5p ubiquitin protease is required for selective 
degradation of ribosomes during nutrient starvation [170].

In principle, Regulation Analysis allows to dissect which part of the Vmax regulation 
is due to posttranslational modifications of proteins, such as phosphorylation. 
This extension of the method [76] requires precise measurements of protein 
concentrations. Despite the improvements made in quantitative proteomics, the 
accuracy is probably insufficient to dissect the initial kinetics in this study. The flux 
reduction is only 20% in the first 4 h and for instance to quantify a partial regulation 
by posttranslational modification at 20% accurately, would require a 4% accuracy in 
protein measurements.

To quantitatively explain the metabolic regulation observed for several enzymes, 
would not only require metabolite concentrations, but also a quantitative assessment 
of their impact on the enzyme rates. Two studies showed decreased levels of fructose 
1,6-bisphosphate during the first hours of nitrogen starvation [41, 176]. Since 
fructose 1,6-bisphosphate is known as an allosteric activator of PFK and PYK [114, 
210], this is in line with the decreased fermentative capacity found under nitrogen 
starvation. Another allosteric regulator citrate, which is an inhibitor of PFK [265], is 
increased when the yeast cells are starved for nitrogen [176]. However, this is a small 
sample of all metabolites, which might possibly affect the rates of glycolytic enzymes, 
and the correlation is only qualitative. We are currently working on a quantitative 
analysis based on new metabolite measurements and a quantitative kinetic model 
(cf. [301]).

In conclusion, the quantitative approach of time-dependent Regulation Analysis 
applied in this study enabled us to demonstrate the importance of both metabolic 
regulation and hierarchical regulation in an early time window of nitrogen starvation. 
Furthermore, we provided (indirect) evidence for a diversity of regulation within the 
gene-expression cascade in this early time window. This study provides an important 
first step towards a full dissection of the biochemical mechanisms during the initial 
response of yeast upon an environmental perturbation. The results should guide 
more precise analysis of the regulation of individual enzymes.

Acknowledgements

This project was supported financially by the IOP Genomics program of Senter 
Novem. The work of B.M. Bakker and H.V. Westerhoff is further supported by STW, 
NGI-Kluyver Centre, NWO-SysMO, BBSRC (including SysMO), EPSRC, AstraZeneca, 
and EU grants BioSim, NucSys, ECMOAN, and UniCellSys. The CEN.PK113-7D strain 
was kindly donated by P. Kötter, Euroscarf, Frankfurt. 

-  56  -

Chapter 2



Supporting information to Chapter 2

Supplemental Table S2.1: C-flux in mmol C .min-1.gProtein-1 during fermentative capacity assay in the 
samples from the nitrogen-starvation experiments. Errors represent SEM of three (two for t24) independent 
experiments carried out on different chemostat cultures. Note that the difference with Table 2.2 in the 
main text is due to the correction for C-content of each metabolite.

Metabolite t0 t1 t2 t3 t4 t24

Glucose -2.42 ± 0.13 -2.38 ± 0.14 -2.21 ± 0.01 -1.97 ± 0.11 -1.87 ± 0.09 -1.55 ± 0.42

Ethanol 1.28 ± 0.07 1.17 ± 0.03 1.11 ± 0.02 1.09 ± 0.02 1.11 ± 0.06 1.04 ± 0.01

Glycerol 0.23 ± 0.01 0.24 ± 0.00 0.25 ± 0.02 0.24 ± 0.00 0.24 ± 0.00 0.20 ± 0.02

Trehalose 0.04 ± 0.01 0.04 ± 0.02 -0.06 ± 0.04 -0.08 ± 0.02 -0.09 ± 0.01 -0.35 ± 0.20

Pyruvate 0.02 ± 0.01 0.01 ± 0.01 0.02 ± 0.01 0.02 ± 0.01 0.01 ± 0.01 0.02 ± 0.01

Succinate 0.01 ± 0.00 0.01 ± 0.00 0.01 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Acetate 0.02 ± 0.00 0.01 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.01 ± 0.01

CO2 0.65 ± 0.03 0.59 ± 0.02 0.56 ± 0.01 0.55 ± 0.01 0.56 ± 0.03 0.52 ± 0.00

Total consumed 
carbon 2.42 ± 0.13 2.38 ± 0.14 2.27 ± 0.05 2.05 ± 0.10 1.96 ± 0.09 1.90 ± 0.22

Total produced 
carbon 2.25 ± 0.10 2.06 ± 0.06 1.97 ± 0.04 1.92 ± 0.03 1.94 ± 0.08 1.79 ± 0.03

Supplemental Table S2.2: C-flux in mmol C .min-1.gProtein-1 during fermentative capacity assay in the 
samples from the glucose-excess experiments in the presence of nitrogen. Errors represent SEM of three 
independent experiments carried out on different chemostat cultures. Note that the difference with Table 
2.2 in the main text is due to the correction for C-content of each metabolite.

Metabolite t0 t1 t2 t3 t4

Glucose -2.27 ± 0.17 -3.10 ± 0.08 -3.34 ± 0.14 -3.42 ± 0.12 -3.61 ± 0.36

Ethanol 1.23 ± 0.08 1.43 ± 0.04 1.54 ± 0.09 1.69 ± 0.08 1.79 ± 0.21

Glycerol 0.23 ± 0.01 0.28 ± 0.01 0.27 ± 0.01 0.28 ± 0.02 0.26 ± 0.02

Trehalose 0.03 ± 0.02 0.02 ± 0.01 0.01 ± 0.01 0.01 ± 0.00 0.01 ± 0.01

Pyruvate 0.01 ± 0.01 0.01 ± 0.01 0.01 ± 0.01 0.01 ± 0.01 0.01 ± 0.01

Succinate 0.01 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Acetate 0.01 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.01 ± 0.00

CO2 0.62 ± 0.04 0.71 ± 0.02 0.77 ± 0.04 0.84 ± 0.04 0.89 ± 0.10

Total consumed 
carbon 2.27 ± 0.17 3.10 ± 0.08 3.34 ± 0.14 3.42 ± 0.12 3.62 ± 0.36

Total produced 
carbon 2.15 ± 0.15 2.47 ± 0.08 2.63 ± 0.14 2.85 ± 0.13 2.98 ± 0.33
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Supplemental Table S2.3: Capacities of the glycolytic and fermentative enzymes in µmol.minute-1.
mgProtein-1 during nitrogen starvation. Errors represent SEM of three (two for t24) independent 
experiments carried out on different chemostat cultures. Capacity of GPM was measured once at t24.

Enzyme t0 t1 t2 t3 t4 t24

HXK 2.1 ± 0.2 2.1 ± 0.1 2.1 ± 0.1 2.0 ± 0.1 1.9 ± 0.1 1.1 ± 0.1

PGI 2.9 ± 0.2 3.0 ± 0.2 3.0 ± 0.2 3.2 ± 0.1 2.9 ± 0.2 1.7 ± 0.3

PFK 0.4 ± 0.0 0.4 ± 0.0 0.3 ± 0.0 0.3 ± 0.0 0.3 ± 0.0 0.3 ± 0.0

ALD 0.9 ± 0.0 0.8 ± 0.0 0.7 ± 0.0 0.6 ± 0.1 0.6 ± 0.1 0.5 ± 0.0

GAPDH 4.1 ± 0.5 4.0 ± 0.2 4.4 ± 0.3 4.1 ± 0.2 4.2 ± 0.3 4.3 ± 0.4

PGK 6.2 ± 0.2 5.6 ± 0.2 5.2 ± 0.2 5.1 ± 0.1 5.1 ± 0.1 8.0 ± 0.3

GPM 5.6 ± 0.3 5.0 ± 0.5 3.9 ± 0.4 2.5 ± 0.8 2.0 ± 0.5 6.9

PYK 3.6 ± 0.0 3.4 ± 0.1 3.2 ± 0.1 3.0 ± 0.0 2.9 ± 0.1 3.2 ± 0.2

PDC 0.8 ± 0.1 0.6 ± 0.1 0.6 ± 0.1 0.4 ± 0.1 0.3 ± 0.1 0.3 ± 0.1

ADH 1.6 ± 0.2 1.4 ± 0.1 1.3 ± 0.1 1.2 ± 0.1 1.1 ± 0.1 0.5 ± 0.1

Supplemental Table S2.4: Capacities of the glycolytic and fermentative enzymes in µmol.minute-1.
mgProtein-1 during glucose-excess conditions in the presence of nitrogen. Errors represent SEM of three 
independent experiments carried out on different chemostat cultures. Capacity of GPM was measured in 
one experiment.

Enzyme t0 t1 t2 t3 t4

HXK 1.0 ± 0.1 1.0 ± 0.1 1.2 ± 0.1 1.3 ± 0.1 1.2 ± 0.1

PGI 2.8 ± 0.3 3.0 ± 0.3 2.8 ± 0.4 2.8 ± 0.3 2.2 ± 0.3

PFK 0.4 ± 0.0 0.4 ± 0.1 0.4 ± 0.1 0.4 ± 0.0 0.4 ± 0.0

ALD 1.4 ± 0.1 1.5 ± 0.1 1.7 ± 0.1 1.8 ± 0.2 1.7 ± 0.1

GAPDH 5.0 ± 0.5 4.9 ± 0.4 4.7 ± 0.5 5.0 ± 0.6 4.7 ± 0.6

PGK 5.2 ± 0.4 5.5 ± 0.4 6.2 ± 0.6 6.9 ± 0.5 7.2 ± 0.5

GPM 3.2 3.5 4.1 4.3 4.2

PYK 3.1 ± 0.7 4.1 ± 0.4 5.0 ± 0.5 5.3 ± 0.5 4.9 ± 0.4

PDC 1.1 ± 0.1 1.2 ± 0.2 1.6 ± 0.2 1.8 ± 0.2 1.6 ± 0.1

ADH 1.4 ± 0.1 1.2 ± 0.1 1.1 ± 0.1 1.0 ± 0.0 0.9 ± 0.0
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Time-dependent regulation of yeast glycolysis upon 
nitrogen starvation depends on cell history

Chapter 3

Abstract 

In this study we investigated how the glycolytic flux was regulated in time upon 
nitrogen starvation of cells with different growth histories. We have compared cells 
grown in glucose-limited chemostat cultures under respiratory conditions (low 
dilution rate of 0.1 h-1) to cells grown under respirofermentative conditions (high 
dilution rate of 0.35 h-1). The fermentative capacity was lower in cells grown under 
respiratory conditions than in cells grown under respirofermentative conditions, 
yet more resilient to prolonged nitrogen starvation. The time profiles revealed 
that the fermentative capacity even increased in cells grown under respiratory 
conditions during the first hours of nitrogen starvation. In cells grown under 
respirofermentative conditions the fermentative capacity decreased from the onset 
of nitrogen starvation. We have applied time-dependent Regulation Analysis to follow 
the fermentative capacity during nitrogen starvation. In both experiments diverse 
categories of regulation were found. However, in the cells grown under respiratory 
conditions regulation was predominantly metabolic, while in the cells grown under 
respirofermentative conditions hierarchical regulation was dominant. To study the 
metabolic regulation, concentrations of intracellular metabolites, including allosteric 
regulators, were measured. The obtained results can explain some aspects of the 
metabolic regulation, but not all.

This chapter has been published previously: K. van Eunen, P. Dool, A.B. Canelas, J. 
Kiewiet, J. Bouwman, W.M. van Gulik, H.V. Westerhoff and B.M. Bakker (2010). IET 
Syst Biol 4, 157-168.





3.1 Introduction

In Saccharomyces cerevisiae, high sugar concentrations and high specific 
growth rates (µ > 0.30 h-1) trigger alcoholic fermentation, even under fully aerobic 
conditions. This so-called respirofermentative growth results in a lower biomass 
yield, but a higher fermentative capacity than fully respiratory growth [318]. The 
fermentative capacity is defined as the specific rate of carbon dioxide (and ethanol) 
production immediately upon introduction of the yeast into an anaerobic glucose-
excess environment such as during the leavening of dough. Several studies showed 
a more stable fermentative capacity when cells were grown under conditions that 
favor respiratory growth and were subsequently subjected to for instance cold or 
nutrient stress [214, 215]. Similarly, a ∆hxk2 mutant strain, which shows almost 
fully respiratory growth even at high glucose concentrations [87], has a more stable 
fermentative capacity [261]. In general, this suggests an inverse correlation between 
glucose repression and the resilience of fermentative capacity towards stress [261].  

Rossell et al. [261] started investigating how this relation between glucose 
repression and the stability of fermentative capacity was regulated at the levels of 
enzyme expression and metabolism. They found that in the ∆hxk2 mutant, but not in 
the wild type, the activities of the glycolytic enzymes were stable or even increased 
after 24 hours of nitrogen starvation. Here we will analyze the dependence of the 
stability of the fermentative capacity upon the history of the cells in more depth by 
following regulation of the fermentative capacity in time. To this end we will use 
an extension of Regulation Analysis [258, 299] in which regulation coefficients are 
quantified as a function of time [43]. Time-dependent Regulation Analysis unravels 
quantitatively and dynamically how functional changes in the cell are brought 
about by the interplay of gene expression (hierarchical regulation) and metabolism 
(metabolic regulation). 

The original form of Regulation Analysis has been developed to compare two 
steady states. An elaborate description of Regulation Analysis can be found in Rossell 
et al. [258, 259]. Briefly, the method can dissect gene-expression and metabolic 
regulation applying the following equation as derived previously [258, 259, 299]: 

Here J denotes the flux through enzyme i. ∆ denotes the difference between two steady 
states. The hierarchical regulation coefficient ρh quantifies the relative contribution 
of changes in capacity of enzyme i (Vmax,i) to the regulation of the flux through enzyme 
i. The hierarchical regulation coefficient is associated with changes in the entire gene 
expression cascade all the way from transcription to protein synthesis, stability and 
modification. The relative contribution of changes in the interaction of the enzyme 
with the rest of metabolism is reflected in the metabolic regulation coefficient ρm. 
Changes in the metabolic function g are caused by changes in concentrations of 
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substrates, products and effectors (X), and by changes in affinities (1/K) of enzyme i 
towards its substrates, products and effectors (K). And, together the two regulation 
coefficients should describe regulation completely, i.e. add up to 1. Experimentally 
the hierarchical regulation coefficient is the one that is more readily determined, as 
it requires only measurements of the Vmax of enzyme i and the flux through it under 
two conditions, according to:

The metabolic regulation coefficient can then be calculated from the summation law 
(ρm = 1 – ρh).

The time-dependent extension of Regulation Analysis quantifies the regulation 
coefficients as a function of time [43]. For this study we have used the integrative 
version of time-dependent Regulation Analysis, which integrates all the changes 
between time point t0 (the start of the perturbation) and time point t. This results in 
the following equations:

in which ρh,i and ρm,i are the hierarchical and metabolic regulation coefficients of 
enzyme i, respectively, Vmax,i is the catalytic capacity of enzyme i and Ji is the in vivo flux 
through enzyme i. For a more elaborate description and discussion of the method, 
see Bruggeman et al. [43]. 

The aim of the present study is to understand how the regulation of fermentative 
capacity as a function of time depends on the history of the cells. We will apply time-
dependent Regulation Analysis to follow the fermentative capacity during nitrogen 
starvation. We will compare cells grown in aerobic glucose-limited chemostats under 
respiratory conditions (low dilution rate) to cells grown under respirofermentative 
conditions (high dilution rate, see Chapter 2 of this thesis).

3.2 Material and Methods

3.2.1 Strain and growth conditions

The haploid, prototrophic Saccharomyces cerevisiae strain CEN.PK113-7D (MATa, 
MAL2-8c, SUC2) was cultivated in an aerobic, glucose-limited chemostat (1 l laboratory 
fermentor, Applikon) as described in detail by Van Hoek et al. [317]. Chemostat 
cultures were fed with defined mineral medium [320] in which glucose (42 mM) 
was the growth-limiting nutrient. Yeast cells were grown under either respiratory or 
respirofermentative conditions at a dilution rate of 0.1 or 0.35 h-1, respectively. 
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3.2.2 Nitrogen-starvation experiment

For the nitrogen-starvation experiments the same defined mineral medium was 
used as for the chemostat culture, but it lacked ammonium sulfate and contained 
an excess of glucose (195 mM, see also Results section 3.3). Yeast cells harvested 
from steady-state chemostats were washed with ice-cold starvation medium and 
resuspended in starvation medium to a dry-weight concentration of approximately 
2 g.l-1. Cells were brought back in a new fermentor in batch mode (start volume was 
around 1 litre) at otherwise the same conditions as during chemostat cultivation. 
Samples were taken for measuring the fermentative capacity and the capacities of 
the glycolytic and fermentative enzymes. We have taken samples at time points 0, 2, 
4, 8 and 24 hours after the onset of starvation. After all samples had been taken, the 
remaining culture volume was around 500 ml.

3.2.3 Fermentative capacity and steady-state fluxes

The setup used for the determination of fermentative capacity has been described 
by Rossell et al. [258]. Briefly, the fermentative capacity is measured as the rate of 
ethanol production in an off-line assay in which cells are transferred to a complete 
growth medium under anaerobic conditions at excess of glucose. Culture samples 
were taken and cells were washed and taken up in defined mineral medium [320] 
lacking glucose. The fermentative capacity and the steady-state fluxes were measured 
under anaerobic conditions with excess of glucose (56 mM, added at time 0) for 30 
minutes in a 6% wet weight cell suspension at 30 °C. The concentrations of ethanol, 
glucose, glycerol, succinate, pyruvate, acetate, and trehalose were measured by HPLC 
analysis (300 mm x 7.8 mm ion exchange column Aminex-HPX 87H (Bio-Rad) kept 
at 55 °C, with 22.5 mM H2SO4 as eluent at a flow rate of 0.5 ml.min-1). The HPLC was 
calibrated for all the metabolites measured. 

For the intracellular metabolite samples, the medium was adapted to prevent 
interference of high sulfate concentrations during the LC-MS/MS run. Then the assay 
was carried out in medium with 2.3 mM ammonium sulfate, 26 mM ammonium 
phosphate, 2.2 mM potassium phosphate and 2.0 mM magnesium sulfate. Vitamins 
and trace elements were added in the same concentrations as in the minimal medium 
according to Verduyn et al. [320]. Glucose concentration was in both media 56 mM and 
pH was adjusted to 5.6 with KOH. The change in medium composition did not have an 
influence on the measured fluxes (data not shown). The fluxes through the individual 
enzymes were calculated from steady-state rates of the glucose consumption and 
the ethanol and glycerol production. Figure 3.2 shows a simplified scheme of the 
pathway in which enzymes with the same flux are boxed together. Flux through HXK 
is equal to glucose flux. Fluxes through PGI, PFK and ALD were calculated by dividing 
the sum of the glycerol and ethanol fluxes by two. The fluxes through the enzymes 
from GAPDH to ADH were taken to be equal to the measured ethanol flux. Other 
products of glucose metabolism, i.e. succinate, acetate and pyruvate, were negligible. 
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Implicitly, it is assumed in these calculations that small gaps in the carbon balance 
must be attributed to branches at the level of glucose 6-phosphate, i.e. the pentose-
phosphate pathway or the breakdown/synthesis of storage carbohydrates.

3.2.4 Enzyme capacity measurements  

For preparation of cell-free extracts, samples were harvested, washed twice 
with 10 mM potassium phosphate buffer (pH 7.5) containing 2 mM Na2H2-EDTA, 
concentrated 10-fold and stored at -20 °C. Samples were thawed, washed and 
resuspended in an equal volume of 100 mM potassium phosphate buffer (pH 7.5) 
containing 2 mM MgCl2 and 1 mM dithiothreitol. Cell-free extracts were prepared 
freshly by using the FastPrep® method with acid-washed glass beads (425-600 
microns, Sigma). Eight bursts of 10 seconds at a speed of 6.0 were done. In between 
the bursts, samples were cooled on ice for at least 1 minute. Enzyme capacities 
(Vmax) were measured by NAD(P)H-linked assays [317], using the Novostar (BMG 
Labtech) as an analyzer for spectroscopic measurements. All enzyme assays were 
done at four concentrations of cell-free extracts to confirm that the reaction rates 
were proportional to the amounts of cell extract added. Protein concentrations were 
determined by using the Bicinchoninic Acid kit (Pierce) with BSA (2 mg/ml stock 
solution, Pierce, containing 1 mM dithiothreitol) as standard.

The activities of TPI, GPM and ENO were not measured. The activity of TPI 
measured under the conditions described in [317] is extremely high. Since the high 
values of TPI activity could not be compared in a statistically sound manner, we have 
decided to exclude TPI activity measurements from our data set. Since some of the 
substrates for GPM and ENO were not supplied anymore in sufficiently pure quality, 
the latter two enzymes could not be measured either.

3.2.5 Intracellular metabolite concentrations

Samples were taken 15 minutes after the start of the fermentative capacity assay 
to the protocol described by Canelas et al. [51]. The exact sample weights were 
determined by weighing the tube before and directly after sampling. Quenching 
and washing of the sample was done with 100% and 80% (v/v) methanol/water, 
respectively, at -40 °C and intracellular metabolite extraction was carried out using 
the boiling ethanol method [115], as described in Lange et al. [178]. U-13C-labeled 
cell extract was added to the pellets just before the extraction, as internal standard. 
Sample concentration was accomplished by evaporation under vacuum, as described 
by Mashego et al. [189]. The concentrations of the intracellular metabolites were 
determined by ESI-LC-MS/MS [312] and the quantification was based on IDMS [189, 
338]. ATP, ADP, and AMP were analyzed by ion-pairing reversed-phase ESI-LC-MS/
MS as described in [279].
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3.3 Results

3.3.1 Fermentative capacity and steady-state fluxes

Yeast was grown in aerobic glucose-limited chemostat cultures at a dilution rate (D) 
of 0.1 h-1 (respiratory) or 0.35 h-1 (respirofermentative). Steady-state values showed 
indeed a respiratory and respirofermentative metabolism at the two different growth 
rates (Table 3.1). Subsequently, the cells were starved for nitrogen in the presence of 
an excess of glucose. The addition of glucose served to prevent additional starvation 
for the carbon source. In previous research a control experiment was done in which 
the cells were shifted to glucose excess, but in the continued presence of nitrogen 
(Chapter 2 of this thesis). These experiments were carried out only for the cells grown 
at a growth rate of 0.35 h-1. Results showed that the nitrogen starvation caused the 
decrease in fermentative capacity. However the effect of nitrogen starvation may be 
counteracted by the addition of the extra glucose. The fermentative capacity, i.e. the 
ethanol flux under anaerobic conditions at glucose excess, was determined in an off-
line assay, in starved as well as non-starved cells. To this end, cells were washed and 
transferred to an anaerobic vessel with fresh and complete medium with an excess 
amount of glucose (56 mM). This condition mimics the situation of baker’s yeast in 
dough [317]. Apart from the ethanol flux also the fluxes of glucose, glycerol, acetate, 
succinate, pyruvate and trehalose were determined over a period of 30 minutes. The 
production fluxes of acetate, pyruvate and succinate were always below 1% of the 
rate of glucose consumption. The carbon consumed in the off-line assay matched 
the produced carbon within the experimental error for all time points, except for 
time point 2 h from the cells grown under respiratory conditions (see Table 3.2). In 
this particular case the carbon consumption was significantly higher than the carbon 
production. It is unlikely that the difference might be explained by the production 
of glycogen, since glycogen is usually consumed during glucose-excess conditions 
instead of produced. However, we have found substantial variation in the glucose-flux 
measurements for this time point, which we could not explain. Figure 3.1 shows the 
fermentative capacity before and after 24 hours of nitrogen starvation. In agreement 
with earlier results the fermentative capacity was lower in cells from respiratory 
cultures than in the cells from respirofermentative cultures [318]. However, after 
24 hours of starvation the fermentative capacity was more stable in cells from the 
respiratory cultures.

Figure 3.2 shows how the fluxes measured in the fermentative-capacity assay 
for both respiratory (D = 0.1 h-1) and respirofermentative (D = 0.35 h-1) cultures 
developed in time during nitrogen starvation. The trends of the fluxes through 
upper and lower glycolysis were similar. In cells grown under respirofermentative 
conditions a 20% decrease in flux was observed during nitrogen starvation. In 
contrast, in the cells from respiratory cultures the fermentative capacity was 
increased by 45% during the first hours of nitrogen starvation and then decreased to 
initial levels. The increase and decrease of the fluxes compared to 0 h time point in 
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the two experiments were significant (Student’s t test, P < 0.05) for all time points, 
except for the 2 h and 24 h time point in the respiratory experiment and the 2 h time 
point in the respirofermentative experiment.

Table 3.1: Physiological parameters of the aerobic glucose-limited chemostat cultures before the nitrogen-
starvation experiments. Errors represent SEM of at least three independent chemostat cultures

Dilution 

rate 

(h-1)

Yieldglu,X

(g.g-1)
qO2

a qCO2
b RQc qglucose

a qethanol
b

Dry weight

 (g.L-1)

Carbon 

recovery

(%)

0.1 0.45 ± 0.02 2.8 ± 0.0 3.0 ± 0.1 1.1 ± 0.0 1.2 ± 0.0 n.d. 3.7 ± 0.1 94 ± 3

0.35 0.29 ± 0.01 7.2 ± 0.2 12.9 ± 0.4 1.8 ± 0.0 6.8 ± 0.1 5.2 ± 0.2 2.2 ± 0.1 93 ± 1

a mmol consumed per gram biomass per hour;
b mmol produced per gram biomass per hour;
c respiratory quotient (qCO2/qO2);
n.d.: not detectable.
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Figure 3.1: Stability of the fermentative capacity after 24 hours of nitrogen starvation. Error bars represent 
SEM of at least three experiments on independent cultures. The data from the respirofermentative cultures 
were obtained from Chapter 2 of this thesis.



Table 3.2: C-flux in mmol C .min-1.gProtein-1 during fermentative-capacity assay. Errors represent SEM of 
at least three independent experiments carried out on different chemostat cultures. Data for D = 0.35 h-1 
were reproduced from Chapter 2 of this thesis for comparison.

Growth rate Metabolite t0 t2 t4 t8 t24

D = 0.1 h-1
Glucose -2.13 ± 0.10 -3.29 ± 0.39 -3.04 ± 0.22 -2.17 ± 0.37 -1.11 ± 0.22

Ethanol 1.10 ± 0.03 1.49 ± 0.15 1.56 ± 0.07 1.27 ± 0.07 0.97 ± 0.09

Glycerol 0.20 ± 0.02 0.28 ± 0.01 0.27 ± 0.00 0.24 ± 0.02 0.16 ± 0.00

Trehalose -0.09 ± 0.01 -0.06 ± 0.03 -0.09 ± 0.03 -0.27 ± 0.06 -0.33 ± 0.01

Pyruvate 0.02 ± 0.01 0.03 ± 0.01 0.03 ± 0.00 0.02 ± 0.01 0.02 ± 0.00

Succinate 0.01 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Acetate 0.02 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

CO2
0.55 ± 0.01 0.74 ± 0.08 0.78 ± 0.04 0.64 ± 0.03 0.48 ± 0.05

Total consumed 

carbon
2.22 ± 0.11 3.35 ± 0.38 3.14 ± 0.19 2.44 ± 0.31 1.44 ± 0.37

Total produced 

carbon
1.90 ± 0.02 2.54 ± 0.25 2.64 ± 0.11 2.17 ± 0.12 1.63 ± 0.13

D = 0.35 h-1
Glucose -2.42 ± 0.13 -2.21 ± 0.01 -1.87 ± 0.09 -1.95 ± 0.04 -1.55 ± 0.42

Ethanol 1.28 ± 0.07 1.11 ± 0.02 1.11 ± 0.06 1.22 ± 0.05 1.04 ± 0.01

Glycerol 0.23 ± 0.01 0.25 ± 0.02 0.24 ± 0.00 0.23 ± 0.00 0.20 ± 0.02

Trehalose 0.04 ± 0.01 -0.06 ± 0.04 -0.09 ± 0.01 -0.31 ± 0.00 -0.35 ± 0.20

Pyruvate 0.02 ± 0.01 0.02 ± 0.01 0.01 ± 0.01 0.02 ± 0.00 0.02 ± 0.01

Succinate 0.01 ± 0.00 0.01 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Acetate 0.02 ± 0.00 0.02 ± 0.00 0.02 ± 0.00 0.00 ± 0.00 0.01 ± 0.01

CO2 0.65 ± 0.03 0.56 ± 0.01 0.56 ± 0.03 0.61 ± 0.02 0.52 ± 0.00

Total consumed 

carbon
2.42 ± 0.13 2.27 ± 0.05 1.96 ± 0.09 2.27 ± 0.04 1.90 ± 0.22

Total produced 

carbon
2.25 ± 0.10 1.97 ± 0.04 1.94 ± 0.08 2.08 ± 0.06 1.79 ± 0.03
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3.3.2 Enzyme capacity

To investigate to what extent the changes in fluxes that occurred during 
nitrogen starvation were regulated by changes in the expression of the glycolytic 
and fermentative enzymes, we monitored their maximum activities (Vmax) in time. 
Figure 3.3 shows three examples of enzyme capacity patterns observed in cells from 
respiratory and respirofermentative cultures. HXK (Figure 3.3A) showed a gradual 
decrease of enzyme capacity in both experiments and similar patterns were observed 
for PGI, PFK, ALD and ADH.  The capacity of GAPDH (Figure 3.3B) did not change 
significantly in both experiments. A similar pattern was found for PYK. However, the 
capacity of PYK was decreased significantly in the 2 and 4 hours time points in the 
cells from the respirofermentative cultures (Student’s t test, P < 0.05). The pattern 
of PDC (Figure 3.3C) mostly resembled that of the flux. Its capacity decreased in 
cells grown under respirofermentative conditions, while it first increased and then 
decreased in the cells from the respiratory cultures. A similar pattern was found for 
PGK, but the V max of the latter recovered after an initial decrease in cells from the 
respirofermentative culture.
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Figure 3.2: Fluxes through the glycolytic and fermentative pathways under anaerobic glucose-excess 
conditions. Fluxes were determined in an off-line fermentative-capacity assay at various time points 
during nitrogen starvation in cells from respiratory (closed circles, D = 0.1 h-1) and respirofermentative 
(open circles, D = 0.35 h-1) cultures. A simplified scheme of the glycolytic and fermentative pathways is 
shown in which the enzymes with the same flux are boxed. Measured fluxes are depicted in boldface 
letters and branching metabolites connect the boxes. Fluxes were calculated using the stoichiometry of 
the glycolytic and fermentative pathways (described in Material and Methods section 3.2.3). In the graphs 
fluxes through glycolytic and fermentative pathways are plotted in time. Error bars represent SEM of 
at least three independent experiments carried out on different chemostat cultures. The data from the 
respirofermentative cultures (D = 0.35 h-1) were obtained from Chapter 2 of this thesis, except for the data 
at time point 8 hours.



3.3.3 Time-dependent Regulation Analysis

To understand how the distribution of regulation between metabolism and gene 
expression differed between cells obtained from respiratory and respirofermentative 
cultures, time-dependent Regulation Analysis was applied to the data. Hierarchical 
(gene-expression) and metabolic regulation coefficients were calculated relative 
to t0 (just after the transfer of the cells to the nitrogen-free medium) by using the 
integrative form of time-dependent Regulation Analysis (Eqs. 3.3 and 3.4). Figure 
3.4 shows the hierarchical regulation coefficients of all the enzymes measured. Since 
after 24 hours of nitrogen starvation, the fluxes of cells from respiratory cultures 
were back to their values at t0, the denominator of Eq. 3.3 became very small and no 
regulation coefficients could be computed reliably. 

For nearly all enzymes the hierarchical regulation coefficients were higher in the 
cells from respirofermentative cultures than in the cells from respiratory cultures. 
This is even more obvious in Figure 3.5, in which we plotted the distribution of the 
regulation coefficients in two ways. In panel A the metabolic regulation coefficient 
is plotted against the hierarchical regulation coefficient. In this scatter plot we see 
a range, largely coinciding with cooperative regulation, in which the regulation 
coefficients of both experiments are overlapping. However, for the respirofermentative 
experiment we see that the regulation spreads out into the direction in which 
hierarchical regulation is more dominant, while in the respiratory experiment the 
regulation spreads out into the direction in which metabolic regulation is dominant. 
The same can be observed in panel B of Figure 3.5, but then one can also distinguish 
in which direction the flux changes. In the cells from respirofermentative cultures the 
flux decreased and thus all the dots ended up left to the Y-axis. The opposite holds for 
the cells from respiratory cultures, where the flux increased and thus nearly all dots 
ended up right to the Y-axis. One exception is the flux through hexokinase after 24 
hours of nitrogen starvation in cells from respiratory cultures. In this specific point 
the flux decreased compared to t0. Again both experiments had dots in the area of 
cooperative regulation while most other dots of the respirofermentative experiment 
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Figure 3.3: Enzyme capacities (Vmax) during nitrogen starvation in cells from respiratory (closed circles, 
D = 0.1 h-1) or respirofermentative (open circles, D = 0.35 h-1) cultures. Error bars represent the SEM 
of three independent experiments carried out on different chemostat cultures. The data from the 
respirofermentative cultures (D = 0.35 h-1) were obtained from Chapter 2 of this thesis, except for the data 
at time point 8 hours. A: HXK, B: GAPDH and C: PDC.
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Figure 3.4: Hierarchical regulation coefficients of cells from respiratory (closed circles, D = 0.1 h-1) and 
respirofermentative (open circles, D = 0.35 h-1) cultures during nitrogen starvation. Error bars represent 
SEM of three independent experiments carried out on different chemostat cultures and were calculated 
as follows: averages and standard deviations (SD) were calculated separately for the numerator and 
the denominator of Eq. 3.3. Based on the SD’s of the numerator and the denominator the SEM of ρh was 
computed. The dashed lines indicate a ρh of 1.0 and the dotted lines indicate a ρh of 0. The data from the 
respirofermentative cultures (D = 0.35 h-1) were obtained from Chapter 2 of this thesis, except for the data 
at time point 8 hours.

Figure 3.5: Distribution of the regulation coefficients. Panel A: scatter plot of the metabolic regulation 
coefficients versus the hierarchical regulation coefficients. Panel B: scatter plot of the ∆ln J versus the ∆ln 
Vmax. The different categories are as follows, ρh = 1: purely hierarchical regulation, ρh = 0 purely metabolic 
regulation, 0 < ρh < 1: cooperative regulation by changed Vmax and metabolism, ρh > 1: antagonistic 
regulation in the direction of Vmax, ρh < 0: antagonistic regulation in the direction of metabolism. The data 
from the respirofermentative cultures (D = 0.35 h-1) were obtained from Chapter 2 of this thesis, except for 
the data obtained at time point 8 hours.



were in the area where hierarchical regulation is dominant, while the remaining 
dots of the respiratory experiment were in the area where metabolic regulation is 
dominant.    

3.3.4 Intracellular metabolite concentrations

Because in the cells grown under respiratory conditions the flux through glycolysis 
was predominantly regulated by metabolism, the next step was to study the changes 
in the intracellular concentrations of the metabolites. We have focused on the time 
points 0 and 4 hours after the start of nitrogen starvation, since the difference in 
flux between both growth conditions was largest at these time points. Samples were 
taken at 15 minutes after addition of glucose in the fermentative-capacity assay. 
Figure 3.6 shows the intracellular metabolite concentrations relative to total protein, 
of the glycolytic metabolites glucose 6-phosphate (G6P), fructose 6-phosphate (F6P), 
fructose 1,6-bisphosphate (F16BP), 2-phosphoglycerate (2PG) + 3-phosphoglycerate 
(3PG), phosphoenolpyruvate (PEP) and pyruvate. The levels of these intermediates 
did not vary appreciably between the four different conditions. In all cases, the 
relatively high levels of F16BP and pyruvate and low levels of PEP and 2PG+3PG are 
consistent with the characteristic pattern for conditions of high glycolytic flux [51, 
313]. Furthermore, the levels of G6P, F16BP and pyruvate were significantly higher 
(Student’s t test, P < 0.05) in the non-starved cells from the respirofermentative 
culture. Previous literature suggested that the intracellular concentrations of G6P 
and F16BP correlate positively with the flux [38]. This is not in agreement with our 
experiments, since the highest flux was measured in the 4 hours nitrogen-starved 
cells from the respiratory culture. 

In addition, the most important known allosteric regulators of glycolytic enzymes, 
trehalose 6-phosphate (T6P), citrate and fructose 2,6-bisphosphate (F26BP), were 
measured (Figure 3.6). The changes in the regulators were much larger than those 
of the glycolytic intermediates, most noticeably between the non-starved and the 4 
hours nitrogen-starved cells. We investigated whether the pattern of the regulators 
by itself could explain the observed metabolic regulation. In the cells from the 
respiratory cultures the flux through HXK and PFK increased. Both enzymes were 
then regulated negatively by gene expression so metabolic regulation should explain 
the drastic increase in the flux through these enzymes. A relief of inhibition of HXK by 
a strongly decreased level of the inhibitor T6P [31, 90] indeed works in this direction. 
However, the increase of the PFK inhibitor citrate [348] and the decrease of its 
activator F26BP [135, 217] work in the opposite direction. In the case of cells grown 
under respirofermentative conditions the metabolic regulation was much weaker. 
The decrease of the flux through HXK was then regulated cooperatively by metabolism 
and gene expression. The decreased level of T6P, however, would stimulate the 
enzyme and can therefore not explain the metabolic part of the regulation by itself. 
The flux through PFK decreased only slightly, while the Vmax showed a stronger 
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decrease. Therefore stimulatory metabolic effects are expected. The increase of the 
activator F26BP fits in this picture, but the increase of the inhibitor citrate does not. 

The levels of ATP, ADP and AMP were also measured in the same set of samples 
(Figure 3.6). The total pool of adenine nucleotides is not constant. The largest 
absolute changes are observed for ATP, which correlates negatively with the flux 
through the pathway (cf. Figure 3.2, time points 0 and 4 h). Such negative correlation 
between the ATP level and the flux was also found by Larsson et al. [180, 181]. The 
correlation could be a reflection of product inhibition of glycolysis, either directly at 
the level of the ATP producing enzymes PGK and PYK or via allosteric inhibition of 
glycolytic enzymes by ATP [168, 242].

3.4 Discussion

We investigated how the flux through glycolysis was regulated in time upon 
nitrogen starvation in cells with different growth histories. In this study, cells from 
respiratory and respirofermentative cultures were subjected to nitrogen starvation. 
In accordance with earlier studies [317, 318] we observed that the fermentative 
capacity of cells grown under respiratory conditions was lower than that of cells 
from respirofermentative cultures. The former was, however, more stable upon 
prolonged exposure to the nitrogen starvation. The detailed time profiles revealed 
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Figure 3.6: Intracellular metabolite levels. Error bars represent standard deviations of two independent 
experiments carried out on different chemostat cultures (each comprising duplicate samples, each 
analyzed at least in duplicate).



that the fermentative capacity even increased transiently in cells from respiratory 
cultures during the first 4 hours of nitrogen starvation. In cells grown under 
respirofermentative conditions the fermentative capacity decreased from the onset 
of nitrogen starvation.

In both experiments diverse categories of regulation were found. However, in the 
cells grown under respiratory conditions regulation was dominated by metabolism, 
while in the cells grown under respirofermentative conditions hierarchical 
regulation was dominant. During the transient increase of the fermentative 
capacity in the respiratory cells ρm was larger than ρh for all enzymes except for 
PDC. During the decrease of the fermentative capacity in the respirofermentative 
cells the ρh was rather larger than ρm for all enzymes except GAPDH and PYK.  In the 
respirofermentative cells some (but not all) of the decrease of fermentative capacity 
can be attributed to breakdown of the glycolytic proteins during nitrogen starvation 
[165, 199]. Unlike Rossell et al. [261] we also observed a significant breakdown of the 
glycolytic proteins when the respiratory cells were subjected to nitrogen starvation. 
The transient increase of the fermentative capacity must therefore be attributed to a 
counteracting and dominant metabolic regulation. 

The role of pyruvate decarboxylase is intriguing. Of all enzymes it was the only 
enzyme that showed a Vmax pattern similar to that of the fermentative capacity in 
both experiments. Accordingly, this enzyme was hierarchically regulated under 
both conditions. Similar observations were made when the changes of fermentative 
capacity at different dilution rates in chemostats were studied [318]. It is tempting 
therefore to suggest that changes of the Vmax of pyruvate decarboxylase are the primary 
cause of changes in fermentative capacity. Flikweert et al. showed that a reduction 
of PDC activity resulted in a reduced production of fermentation products [105]. 
However, PDC overexpression did not result in a higher fermentative capacity [316], 
suggesting that other enzymes also need to be overexpressed to achieve a higher 
fermentative capacity. If also in our experiments the changes of the Vmax of pyruvate 
decarboxylase are not the sole cause of the changes of fermentative capacity, then the 
metabolic regulation of the other enzymes cannot only be caused by changes inside 
glycolysis, but must also come from outside. 

Since allosteric regulators, i.e. fructose 2,6-bisphosphate, trehalose 6-phosphate 
and citrate, may play an important role in the regulation of the flux [114], we 
hypothesized that a substantial part of the metabolic regulation would be due to 
changes in their intracellular levels. Therefore intracellular levels of the allosteric 
regulators, as well as of the glycolytic intermediates were determined under the 
conditions of the fermentative-capacity assay. The most substantial differences were 
indeed found in the levels of the allosteric regulators of the glycolytic enzymes, i.e. 
trehalose 6-phosphate, citrate and fructose 2,6-bisphosphate, while the levels of the 
glycolytic intermediates themselves did not change much. However, apart from the 
relief of inhibition of HXK by T6P in the cells grown under respiratory conditions, the 
changes in the allosteric regulators by themselves could not explain the metabolic 
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regulation that was observed. This failure raises the possibilities that metabolite-
enzyme interactions described in vitro may not give a complete picture of the in vivo 
situation and that additional regulators may exist which have yet to be identified. 
Also changes in the adenine nucleotides, notably ATP, were observed. ATP has both 
activating and inhibitory effects on different steps in glycolysis and therefore a 
quantitative kinetic model is required to predict the net effect of changes in ATP. In 
addition, the rate of each enzyme is determined by a number of concentrations of 
substrates, products and effectors simultaneously. An important step in explaining 
the changes in flux upon nitrogen starvation in cells from either respiratory or 
respirofermentative cultures will therefore be the implementation of the obtained 
data into a kinetic model of the pathway. As a starting point we use the glycolysis 
model of Teusink et al. [301]. It will be necessary to extend the model, to include all 
the known allosteric regulators. 

In conclusion, the results obtained with time-dependent Regulation Analysis 
showed us how the regulation of the fermentative capacity during nitrogen starvation 
depends on the cell history. Our current work focuses (i) on the importance of protein 
degradation by explicit distinction of protein synthesis and degradation and (ii) on 
explaining the observed changes in flux by applying the model of Teusink et al. [301] 
to the case of nitrogen starvation.
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Measuring enzyme activities under standardized
in vivo-like conditions for Systems Biology

Chapter 4

Abstract 

Realistic quantitative models require data from many laboratories. Therefore, 
standardization of experimental systems and assay conditions is crucial. Moreover, 
standards should be representative of the in vivo conditions. Yet, most often enzyme-
kinetic parameters are measured under assay conditions that yield maximum activity 
of each enzyme. In practice, this means that the kinetic parameters of different 
enzymes are measured in different buffers, at different pH, ionic strength, etc. 

In a joint effort of the Dutch Vertical Genomics consortium, the European Yeast 
Systems Biology Network (YSBN) and the STRENDA (Standards for Reporting 
Enzymology Data) Commission, we have developed a single assay medium for 
determining enzyme-kinetic parameters in yeast. The medium is as close as possible 
to the in vivo situation for the yeast Saccharomyces cerevisiae, whilst at the same 
time experimentally feasible. The in vivo conditions were estimated for S. cerevisiae 
strain CEN.PK113-7D grown in aerobic glucose-limited chemostat cultures at an 
extracellular pH of 5.0 and a specific growth rate of 0.1 h-1. The cytosolic pH and 
concentrations of calcium, sodium, potassium, phosphor, sulphur and magnesium 
were determined. Based on these data and literature data, we propose a defined in 
vivo-like medium, which contains 300 mM potassium, 50 mM phosphate, 245 mM 
glutamate, 20 mM sodium, 2 mM of free magnesium and 0.5 mM calcium at a pH 
of 6.8. The Vmax’s of the glycolytic and fermentative enzymes of S. cerevisiae were 
measured in the new medium. For some enzymes the results deviated conspicuously 
from assays done under enzyme-specific, optimal conditions. 

This chapter has been published previously: K. van Eunen, J. Bouwman, P. Daran-
Lapujade, J. Postmus, A.B. Canelas, F.I.C. Mensonides, R. Orij, I. Tuzun, J. van den Brink, 
G.J. Smits, W.M. van Gulik, S. Brul, J.J. Heijnen, J.H. de Winde, M.J. Teixeira de Mattos, 
C. Kettner, J. Nielsen, H.V. Westerhoff and B.M. Bakker (2010). Febs J 277, 749-760.





4.1 Introduction

One of the major goals of Systems Biology is to create comprehensive, quantitative 
and predictive models that enhance our understanding of cellular behaviour. To 
achieve this goal, the integration of experimental, computational and theoretical 
approaches is required [162]. For the integration into models and exchange of 
experimental data from different research groups it is essential to standardize the 
cellular systems and experimental procedures [271]. This was done recently for yeast 
Systems Biology in the Netherlands by the Vertical Genomics consortium, consisting 
of six research groups from three different universities [40], and at a European scale 
by the Yeast Systems Biology Network (Canelas et al., submitted).

Standardization per se, is not sufficient, however. It is crucial that the standards 
lead to data that are representative for the in vivo condition. In the case of pathway 
fluxes in vivo rates can be measured and it is also possible to measure absolute 
concentrations of proteins [27] and transcripts [286] in the cell. However, enzyme-
kinetic parameters are currently measured mainly in vitro and under optimal 
conditions for the enzyme under study. Thus different conditions are used for 
different enzymes with respect to buffers, ionic strength etc. [94, 231, 317]. As a 
first step the STRENDA (Standards for Reporting Enzymology Data) Commission has 
published recommendations for the unambiguous reporting of enzyme-kinetic data, 
including a precise description of the assay conditions [6, 160]. Strictly adhering 
to these standards in public databases will be of great help to evaluate the data for 
the use in computer models of metabolic pathways. Even more important, however, 
will be the definition of standard assay conditions that resemble the intracellular 
conditions in which the enzymes function. This is not straightforward as the 
intracellular conditions depend on the environment, the cell type and differ between 
intracellular compartments.   

In this paper the Vertical Genomics consortium, YSBN and STRENDA present a 
standardized in vivo-like assay medium for kinetic studies of cytosolic yeast enzymes. 
The medium is as close as reasonably achievable to the in vivo situation, according 
to new measurements and literature data. At the same time the use of the medium is 
experimentally feasible and an identical medium can be used for all enzymes found 
in the yeast cytosol. The strategy used in this study may serve as a blueprint for 
standardization of enzyme assays for other cell types and conditions.

4.2 Material and Methods

4.2.1 Strain and growth conditions

The haploid, prototrophic Saccharomyces cerevisiae strain CEN.PK113-7D (MATa, 
MAL2-8c, SUC2, obtained from P. Kötter, Frankfurt, Germany) was cultivated in an 
aerobic glucose-limited chemostat culture at 30 °C in a 2-liter laboratory fermentor 
(Applikon, Schiedam, The Netherlands). The working volume of the culture was kept 
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at 1 liter by an effluent pump coupled to a level sensor. Chemostat cultures were 
fed with defined mineral medium [320] in which glucose (42 mM) was the growth-
limiting nutrient with all other nutrients in excess. Yeast cells were grown under 
respiratory conditions at a dilution rate of 0.1 h-1. The stirring speed was 800 rpm. 
The extracellular pH was kept at 5.0 ± 0.1 by an Applikon ADI 1010 controller, via 
automatic addition of 2 M KOH. The fermentor was aerated by flushing with air at 
a flow rate of 30 l.h-1. Chemostat cultures were assumed to be at steady state when, 
after at least five volume changes, the culture dry weight, specific carbon dioxide 
production rate, and oxygen consumption rate changed by less than 2% upon at 
least one additional volume change. The number of generations after the start of the 
chemostat cultivation was kept below 20, because it is known that changes in the cell 
occur during prolonged chemostat cultivation to adapt to the limitation conditions 
[151, 190]. In our experiment samples were taken after 15-18 generations. Cultures 
were not synchronized with respect to cell cycle and the samples therefore represent 
an average of cells in different stages of the their cell cycle (as typical for population 
samples).

4.2.2 Analytical methods

Culture dry weights were determined as described in [230], with the modification 
that the filters were dried over night in a 60 °C incubator. Cell numbers were counted 
by a Coulter Counter (Multisizer 3, Beckman Coulter) with a 30 µm aperture. 

4.2.3 Element analysis

For the element analysis of the cytosol, cells were taken from two independent 
chemostat cultures at steady state. Cells were washed once with demineralized 
water and freeze-dried. Biomass composition was determined by inductively 
coupled plasma atomic emission spectroscopy (ICP-AES), which was carried out by 
the Energy research Centre of the Netherlands (ECN Petten). The obtained values 
were converted to intracellular concentrations, based on the following parameters. 
The biomass dry weight of the cultures was 3.6 g.l-1 (measured), which corresponded 
to 2.5 x 1011 cells.l-1 (measured). The volume of one cell was taken to be 3 x 10-14 l [82, 
133]. 

4.2.4 Cytosolic pH

For measuring the cytosolic pH S. cerevisiae strain ORY001 was used. This strain 
has been obtained by transforming CEN.PK113-5D (MATa, MAL2-8c, SUC2 ura3, from 
P. Kötter, Frankfurt, Germany) with the plasmid pYES-PACT1-pHluorin (URA3) [222]. 
This strain expresses a cytosolic pHluorin, which is a pH-sensitive mutant of the 
green fluorescent protein (GFP) [197]. Cells at steady state were directly transferred 
to CELLSTAR black polystyrene clear bottom 96-well micro-titer plates (Greiner Bio-
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One, Alphen a/d Rijn, Netherlands) to an OD600 of 0.5 in defined mineral medium 
[320] without glucose and cytosolic pH was measured according to Orij et al. (2009).

4.2.5 General procedure for measuring enzyme capacities (Vmax)

For preparation of cell-free extracts, cells were harvested by centrifugation, 
washed twice with 10 mM potassium phosphate buffer (pH 7.5) containing 2 mM 
EDTA, concentrated 10-fold and stored at -20 °C. Samples were thawed, washed by 
centrifugation and resuspended in an equal volume of 100 mM potassium phosphate 
buffer (pH 7.5) containing 2 mM MgCl2 and 1 mM dithiothreitol. Cell-free extracts 
were prepared in the presence or absence of the phosphatase inhibitors sodium 
fluoride (10 mM) and sodium pyrophosphate (5 mM). Cell disruption was achieved 
by the FastPrep® method with acid-washed glass beads (425-600 microns, Sigma). 
Eight bursts of 10 seconds at a speed of 6.0 m.s-1 were applied. In between the 
bursts samples were cooled on ice for at least 1 minute. Vmax assays were carried 
out with freshly prepared extracts via NAD(P)H-linked assays, at 30 °C in a Novostar 
spectrophotometer (BMG Labtech). The reported Vmax values represent the total 
activity of all isoenzymes in the cell at saturating concentrations of the substrates 
and expressed per total cell protein.

Four different dilutions of the extract were used, to check for linearity of the 
assays. In nearly all cases two or three dilutions were in the linear range and these 
were used for further calculation. Linearity depended strongly on the activity of 
the enzyme, i.e. when the activity was high the less diluted samples were not linear 
with the rest of the dilutions. In a few cases the activity of the enzyme was so low 
that only the undiluted sample could be measured, i.e. phosphofructokinase and 
hexokinase. All enzyme activities were expressed as moles of substrate converted 
per minute per mg of extracted protein. Protein determination was carried out with 
the Bicinchoninic Acid kit (BCA™ Protein assay kit, Pierce) with BSA (2 mg/ml stock 
solution, Pierce) containing 1 mM dithiothreitol as the standard. 

4.2.6 Vmax measurements under optimal conditions

The Vmax of each enzyme was measured under conditions optimized for maximal 
activity [317]. Briefly, the conditions used for each enzyme were:

Hexokinase (HXK) was measured in an Imidazole-HCl buffer (50 mM, pH 7.6) 
with 5 mM of MgCl2, 1 mM NADP, 10 mM glucose, 1 mM ATP and 1.8 U/ml glucose-6-
phosphate dehydrogenase. 

Phosphoglucose isomerase (PGI) was measured in the reverse direction in the 
presence of a Tris-HCl buffer (50 mM, pH 8.0) with 5 mM MgCl2, 0.4 mM NADP, 2 mM 
fructose 6-phosphate and 1.8 U glucose-6-phosphate dehydrogenase. 

Phosphofructokinase (PFK) was measured in an Imidazole-HCl buffer (50 mM, 
pH 7.0) with 5 mM MgCl2, 0.1 mM fructose 2,6-bisphosphate, 0.15 mM NADH, 0.5 
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mM ATP, 0.25 mM fructose 6-phosphate, 0.45 U/ml aldolase, 0.6 U/ml glycerol-3-
phosphate dehydrogenase and 1.8 U/ml triosephosphate isomerase.

Aldolase was measured in a Tris-HCl buffer (50 mM, pH 7.5) with 100 mM KCl, 
0.15 mM NADH, 2 mM fructose 1,6-bisphosphate, 0.6 U/ml glycerol-3-phosphate 
dehydrogenase and 1.8 U/ml triosephosphate isomerase.

Triosephosphate isomerase (TPI) was measured in a Triethanolamine buffer 
(100 mM, pH 7.6) with 0.15 mM NADH, 5.8 mM glyceraldehyde 3-phosphate and 8.5 
U/ml glycerol-3-phosphate dehydrogenase.

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was measured in the 
reverse direction in a Triethanolamine buffer (100 mM, pH 7.6) with 1 mM EDTA, 1.5 
mM MgSO4, 1 mM ATP, 0.15 mM NADH, 5 mM 3-phosphoglyceric acid  and 22.5 U/ml 
3-phosphoglycerate kinase.

3-Phosphoglycerate kinase (PGK) was measured in the reverse direction in a 
Triethanolamine buffer (100 mM, pH 7.6) with 1 mM EDTA, 1.5 mM MgSO4, 10 mM 
ADP, 0.15 mM NADH, 5 mM 3-phosphoglyceric acid and 8 U/ml glyceraldehyde-3-
phosphate dehydrogenase.

Phosphoglycerate mutase (GPM) was measured in a triethanolamine buffer 
(100 mM, pH 7.6) with 1.5 mM MgSO4 10 mM ADP, 0.15 mM NADH, 1.25 mM 
2,3-diphospho-D-glyceric acid, 5 mM 3-phosphoglyceric acid, 2 U/ml enolase, 13 U/
ml pyruvate kinase and 11.3 U/ml lactate dehydrogenase.

Enolase (ENO) was measured in a Triethanolamine buffer (100 mM, pH 8.0) with 
1.5 mM MgSO4, 10 mM ADP, 1 mM 2-phosphoglyceric acid, 9 U/ml pyruvate kinase 
and 13.8 U/ml lactate dehydrogenase.

Pyruvate kinase (PYK) was measured in 100 mM Cacodylic acid (pH 6.2) with 100 
mM KCl, 25 mM MgCl2, 10 mM ADP, 0.15 mM NADH, 1 mM fructose 1,6-bisphosphate, 
2 mM phosphoenolpyruvate and 13.8 U/ml lactate dehydrogenase.

Pyruvate decarboxylase (PDC) was measured in an Imidazole-HCl buffer (40 
mM, pH 6.5) with 5 mM MgCl2, 0.2 mM TPP, 0.15 mM NADH, 50 mM pyruvate and 88 
U/ml alcohol dehydrogenase.

Alcohol dehydrogenase (ADH) was measured in a 50 mM glycine buffer (pH 9.0) 
with 1 mM NAD and 100 mM ethanol. 

Table 4.1: ICP-AES element analysis of the biomass. Errors represent standard deviation of two 
independent chemostat cultures.

Element Ca K Mg Na P S

Measured amount
(g/kgDW)

0.16 ± 0.07 28 ± 2 2.6 ± 0.0 1.3 ± 0.1 20 ± 1 3.0 ± 0.0

Calculated intracellular 
concentration (mM)

1.9 ± 0.1 342 ± 30 51 ± 1 28 ± 3 304 ± 14 45 ± 0
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4.2.7 Vmax measurements under in vivo-like conditions

Based on the data from the element analysis (Table 4.1) and the cytosolic 
concentrations described in literature, we have designed an assay medium that was 
as close as possible to the in vivo situation, whilst at the same time experimentally 
feasible. Choices that had to be made will be discussed in the Results section 4.3. 
The standardized in vivo-like assay medium contained 300 mM potassium, 75 mM 
glutamate, 50 mM phosphate, 20 mM sodium, 2 mM free magnesium, 5-10 mM 
sulfate, and 0.5 mM calcium. Compared to the amount of cations in this medium, 
there is a shortage of anions. We have tested the effects of various concentrations of 
phosphate, glutamate and PIPES to compensate for this shortage. Table 4.2 shows the 
three medium compositions, which were tested in order to come to the final standard: 
(i) a glutamate concentration of 75 mM and compensation of the remainder with 
163 mM of phosphate, (ii) a phosphate concentration of 50 mM and compensation 
of the remainder with 245 mM of glutamate, (iii) both the glutamate and phosphate 
concentration were kept as they were measured and the remainder was compensated 
with 120 mM of PIPES. Concentrations of substrates and coupling enzymes were 
kept the same as described in the protocols of the optimized conditions. However, as 
will be shown below, 0.25 mM fructose 6-phosphate appeared far too low to saturate 
phosphofructokinase (see Results section 4.3.2). Therefore 10 mM was used when 
mentioned and this is also recommended for future studies. For the addition of 
magnesium, it was taken into account that ATP, ADP, NADP and TPP bind magnesium 
with a high affinity (see also Results section 4.3). The amount of magnesium added 
equaled the summed concentration of these coenzymes plus 2 mM, such that the free 
magnesium concentration was 2 mM. Since the sulfate salt of magnesium was used, 
the sulfate concentration in the final assay medium varied in a range between 2.5 
and 10 mM.

Table 4.2: In vivo-like medium composition with various anion concentrations. Numbers depicted in bold 
represent the various anion concentrations tested.

Component Option 1 Option 2 Option 3

Potassium 300 mM 300 mM 300 mM

Sodium 20 mM 20 mM 20 mM

Free magnesiuma 2 mM 2 mM 2 mM

Sulfateb 2.5-10 mM 2.5-10 mM 2.5-10 mM

Calcium 0.5 mM 0.5 mM 0.5 mM

Glutamate 75 mM 245 mM 75 mM

Phosphate 163 mM 50 mM 50 mM

PIPES --- --- 120 mM
a Total amount of added magnesium depends on the amount of added ATP, ADP, NADP, etc. added to the 
assay;
b Amount of sulfate depends on the amount of magnesium added to the assay, because sulfate was used as 
counter ion for magnesium and calcium.
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With hindsight we noted that some of our coupling-enzyme preparations 
contained ammonium sulfate. A few tests indicated that the effect will probably be 
small for the glycolytic enzymes in this study. However, in future studies this should 
be avoided by dialysis or by the use of enzyme preparations in glycerol.

The assay medium was stored in small batches at 4 °C as three separate 
components: 1) buffer at pH 6.8 containing 0.9 M potassium, 0.735 M glutamate and 
0.11 M phosphate (3x concentrated); 2) buffer at pH 6.8 containing 1.5 M sodium and 
1 M phosphate (75x concentrated); and 3) 0.01 M calcium sulfate (20x concentrated).  
For each assay a fresh mix was prepared. No precipitates were observed in the mix.

4.2.8 Maximal glycolytic flux

To determine the maximal glycolytic flux that could be obtained under conditions 
that favor glycolysis, the cells were washed and taken up in defined mineral medium 
[320] lacking glucose. Fluxes were measured under anaerobic conditions with excess 
of glucose (56 mM, added at time 0) for 30 minutes in a 6% wet weight cell suspension 
at 30 °C. The setup used is described in Van Hoek et al. (1998), with the modification 
that the headspace was flushed with water-saturated N2 (0.6 l.h-1) instead of with CO2. 
Ethanol, glucose, glycerol, succinate, pyruvate, acetate, and trehalose concentrations 
were measured by HPLC analysis (300 mm x 7.8 mm ion exchange column Aminex-
HPX 87H (Bio-Rad), with 22.5 mM H2SO4 kept at 55 °C as eluent at a flow rate of 0.5 
ml.min-1).  

The fluxes through the enzymes of the glycolytic and fermentative pathways were 
calculated from steady-state rates of glucose consumption, and ethanol and glycerol 
production. The carbon consumed in these assays matched the carbon produced 
within the experimental error. The flux through hexokinase equaled the glucose flux. 
Fluxes through phosphoglucose isomerase, phosphofructokinase and aldolase were 
calculated by dividing the sum of the glycerol and ethanol fluxes by two. The flux 
through triosephosphate isomerase was calculated by subtracting the rate to glycerol 
from the flux through the previous box (phosphoglucose isomerase to aldolase). 
The fluxes through the enzymes from glyceraldehyde-3-phosphate dehydrogenase 
downstream till alcohol dehydrogenase were taken to be equal to the measured 
ethanol flux.  

4.3 Results

4.3.1 Estimation of intracellular ion concentrations based on the 
element analysis 

S. cerevisiae strain CEN.PK113-7D was grown in aerobic glucose-limited 
chemostat cultures at a dilution rate of 0.1 h-1. This strain and cultivation condition 
was chosen on the basis of earlier standardization efforts [173, 229, 315, 340]. First, 
the biomass composition was determined in samples from these cultures. Table 4.1 
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shows the measured amounts expressed in grams of element per kilogram of biomass 
and the calculated intracellular concentrations (mM) of the measured elements. The 
calculated concentrations do not represent free ion concentrations, but average 
total concentrations of chemical elements. Free ion concentrations were estimated 
as discussed below. We have used the conversion factors given in the Material and 
Methods (section 4.2.3) to convert the measurements expressed per dry weight into 
intracellular concentrations of elements.

Potassium The concentration of potassium calculated from the element analysis 
was approximately 340 mM (Table 4.1). Taking into account the experimental error, 
this is consistent with the literature values, which are between 290 and 310 mM 
[219, 255, 293]. We have used 300 mM potassium in the assay medium.

Free phosphate From the element analysis we could only estimate the total 
concentration of phosphor, which was around 300 mM. A substantial part of this is 
present in bound phosphate groups or in the form of polyphosphates. To estimate 
the free cytosolic phosphate concentration we used values from literature. A 
broad range was found from 10 to 75 mM [9, 116, 119, 304, 340]. Since the growth 
conditions applied by Wu et al. [340] were almost identical to our growth conditions, 
we have used their value of 50 mM. However, we note that varying the phosphate 
concentration between 10 and 50 mM did not affect the reported Vmax values (see 
Supplemental Figure S4.1), as reported below. 

Sodium Despite the low sodium concentration in the medium (0.2 mM), the 
intracellular concentration estimated from element analysis was nevertheless 28 
mM. In literature values of around 20 mM were found [219, 293]. When reported 
[219] the extracellular sodium concentration was higher than in our experiments (2 
mM), but still this implied a 10-fold accumulation of sodium inside the cells. We note 
that the CEN.PK strain lacks the sodium efflux pumps encoded by ENA1-5 [74] which 
are present in other yeast strains and keep the intracellular sodium concentration 
low [251]. Instead, it contains a single ENA6 gene of which the expression and/or 
activity is too low to export sodium efficiently [77]. If we assume only passive sodium 
transport, sodium should indeed accumulate intracellularly due to the membrane 
potential, which is negative inside. We have calculated which plasma-membrane 
potential would be required to achieve the observed 140 fold accumulation and 
obtained -128 mV. This seems a realistic value, since membrane potentials between 
-50 and -300 mV were found for fungi [23, 30, 226, 284].

Free cytosolic magnesium The total cellular magnesium concentration as 
estimated from the element analysis was 51 mM. In the cell most of the magnesium 
is bound to polyphosphates, nucleic acids and ATP, ADP, etc. [253]. The concentration 
of free magnesium in the cytosol is unclear, but is estimated to be between 0.1 and 
1 mM [19]. It is known that for the proper functioning of some enzymes binding 
of magnesium is essentially required [253]. Since ATP, ADP, etc. were added to the 
enzyme assays, we decided to add such an amount of magnesium that a 2 mM free 
magnesium concentration was obtained. The reason to use a higher free magnesium 
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concentration than is estimated in cells is that it is problematic to prepare a lower 
free magnesium concentration in a reproducible way, since the free concentration 
depends on other assay components.

Free sulfate The total concentration of sulfur calculated from the element 
analysis was around 45 mM. In the cell 90% of the sulfur is present in glutathione 
[93, 310], which results in a 5 mM free sulfate concentration. In our assays sulfate 
was added in a concentration between 2.5 and 10 mM, depending on the amount of 
magnesium added, since magnesium was added as magnesium sulfate. 

Free calcium From the element analysis a concentration of around 2 mM total 
calcium was calculated. However, most of the calcium is bound or located in the 
vacuole [91, 218, 324]. Values for free cytosolic calcium found in literature are 
very low, between 0.05 and 0.5 µM [198, 206]. A problem in dealing with such low 
concentration is that traces of calcium are present in glassware, which can give 
fluctuating calcium concentrations in the assay. Therefore, we have decided to add 
0.5 mM of calcium to all the assays.

Cytosolic pH The measured cytosolic pH was 6.8. The pH used for our assay 
medium was therefore chosen as 6.8.

4.3.2 The effect of various anion concentrations on the Vmax

Subsequently we set out to measure the Vmax values of the glycolytic enzymes at 
the intracellular ion concentrations that were determined above. Vmax values are key 
parameters of kinetic models of metabolic processes (see for examples of kinetic 
models the following references [11, 61, 138, 139, 277, 301] and the website: JWS 
Online Cellular Systems Modeling [287], see http://www.jjj.bio.vu.nl or http://jjj.
biochem.sun.ac.za). Here we report total Vmax (i.e. summed activity of all isoenzymes 
present in the cell), expressed per mg cell protein, as it is typically used in kinetic 
models.

If we sum up the concentrations of cations and anions based on the element 
analysis, it is clear that the cation concentration is much higher than the anion 
concentration. It is known that bicarbonate acts as an anion in the cell [68, 152]. 
However, addition of carbonate in the assay medium is not practical, because of its 
instability. Amino acids and nucleic acids form substantial groups of anions in the cell. 
We focused on amino acids to supplement the medium in a practical way. Glutamate is 
the most abundant amino acid in the cell and its intracellular concentration is around 
75 mM [51]. In all our experiments we added at least 75 mM of glutamate to the assay 
medium. However, this was insufficient to solve the shortage of anions in the medium. 
Therefore, we have tested the effect of the concentration of various anions on the 
Vmax values. The three anions tested were glutamate at a concentration exceeding 75 
mM, phosphate at a concentration exceeding 50 mM and the non-cellular component 
PIPES. For the complete medium compositions, see Table 4.2. Cell-free extracts for 
these experiments were made in the absence of the phosphatase inhibitors sodium 
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pyrophosphate and sodium fluoride (but see below).
Figure 4.1 shows the Vmax values of the glycolytic and fermentative enzymes 

measured in the three different in vivo-like media (Table 4.2). For comparison the 
Vmax values were also measured under assay conditions that had been optimized 
previously for high activity [317]. The latter set of assays was chosen as it had been 
used extensively to characterize fermentation in the CEN.PK113-7D strain [259, 
278, 317] and it was the starting point for standardization in the Vertical Genomics 
Consortium [232, 313]. 

The high-phosphate medium concentration had a significantly negative effect 
on the enzymes phosphoglucose isomerase, aldolase, triosephosphate isomerase, 
glyceraldehyde-3-phosphate dehydrogenase and 3-phosphoglycerate kinase. 
Alcohol dehydrogenase was the only enzyme on which the high-phosphate medium 
concentration had a significantly positive effect, albeit small. If we compare the high 
glutamate medium with PIPES medium, only enolase showed a significantly higher 
activity in the PIPES medium. Because such high free phosphate concentrations (163 
mM) are non-physiological and PIPES is a non-cellular component, we concluded 
that the assay medium with 50 mM phosphate and 245 mM glutamate in addition 
to the remaining components (Table 4.2, option 2) was most suitable. Further 
experiments were done in this medium.  An additional reason for this choice is that 
the total amino acid concentration in the cell is around 150 mM [51, 130], which fills 
the lack of anions for a substantial part, albeit not completely. It is therefore realistic 
and practical to choose the amino acid glutamate as anion in the assay medium. Since 
the precise concentration of free phosphate in the cell was somewhat uncertain (see 
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Figure 4.1: In vivo-like enzyme capacities (Vmax) measured at various anion concentrations. The Vmax data 
obtained with the protocols optimized for high enzyme activity were taken as a reference. Error bars 
represent SEM of at least three independent cell-free extracts from steady-state samples from a single 
chemostat culture.



above), we tested a few concentrations of phosphate. Between 10 and 50 mM the 
concentration of phosphate had little or no effect on the measured enzyme activities 
(Supplemental Figure S4.1).

Table 4.3 summarizes the Vmax values measured under optimized conditions 
(according to Van Hoek et al. [317]) and those measured under the definitive in vivo-
like conditions (Table 4.2, option 2). Most of the enzymes had a lower Vmax when 
measured under the in vivo-like conditions as compared to the optimized conditions. 
However, for some of the enzymes, i.e. aldolase and pyruvate decarboxylase, a higher 
Vmax value was obtained in the in vivo-like assay medium, suggesting that the ‘optimized’ 
conditions are in reality not optimal for these enzymes. A thorough analysis of the 
yeast kinetics of phosphofructokinase [301] suggested that the concentration of the 
substrate fructose 6-phosphate (0.25 mM) could have been limiting in our assays. 
Indeed, a fructose 6-phosphate concentration of 10 mM was sufficient to reach the 
Vmax. With this substrate concentration a phosphofructokinase activity of 0.8 ± 0.1 
mmol.min-1.gProtein-1 was measured (Table 4.3 in between brackets). Therefore, 10 
mM fructose 6-phosphate should be used in future assays.

Table 4.3: Vmax values measured under the optimized and the in vivo-like conditions in the absence of the 
phosphatase inhibitors. Errors represent SEM of at least three independent cell-free extracts from steady-
state samples from a single chemostat culture.

Enzyme
Optimized Vmax

(mmol.min-1.gProtein-1)
In vivo-like Vmax

(mmol.min-1.gProtein-1)

HXK 1.8 ± 0.1 0.80 ± 0.06

PGI reverse 4.0 ± 0.0 2.0 ± 0.1

PFK 0.69 ± 0.10 0.25 ± 0.00 (0.80 ± 0.10*)

ALD 0.76 ± 0.16 1.2 ± 0.1

TPI 97 ± 5 26 ± 0

GAPDH reverse 6.5 ± 0.2 3.2 ± 0.1

PGK reverse 10 ± 1 9.4 ± 0.3

ENO 0.99 ± 0.04 0.96 ± 0.06

PYK 3.6 ± 0.5 3.1 ± 0.1

PDC 0.65 ± 0.12 1.5 ± 0.1

ADH reverse 10 ± 0 3.5 ± 0.1
* Vmax measured with saturated F6P concentration for PFK (see text).

4.3.3 The effect of phosphatase inhibitors

To prevent (in)activation of the enzymes by dephosphorylation, phosphatase 
inhibitors were added before the production of cell-free extracts and present 
throughout the experiment. The phosphatase inhibitors used were sodium 
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fluoride (10 mM) and sodium pyrophosphate (5 mM). Figure 4.2 shows the Vmax 
values measured in the presence and absence of these phosphatase inhibitors. Of 
all enzymes only phosphoglycerate mutase showed a substantial and significant 
decrease in activity in the presence of the phosphatase inhibitors. It is known that 
vanadate, another phosphatase inhibitor, has an inhibitory effect on the activity of 
phosphoglycerate mutase from Escherichia coli [37]. 

4.3.4 Can the Vmax values support the maximal glycolytic flux?

A Vmax value represents the maximum rate at which an enzyme can work at 
saturating concentrations of substrates and in the absence of products. In the cell 
the flux through the enzyme may be lower than the Vmax due to lower substrate 
concentrations or product inhibition. The flux through the enzyme can, however, 
never be higher than the true in vivo Vmax. We therefore tested whether the V max values 
measured under the in vivo-like conditions supported the maximal glycolytic flux 
that could be reached by cells in which the enzymes were assayed.

The maximal flux was measured under anaerobic glucose-excess conditions in 
an off-line assay using cells from the chemostat cultures. The last column of Table 
4.4 shows the maximal fluxes, calculated for each enzyme individually as mentioned 
in the Material and Methods (section 4.2.8). The enzyme capacities were measured 
in our final assay medium (Table 4.2, option 2) at a pH of 6.8 in the absence of 
phosphatase inhibitors. For the enzymes measured in the reverse direction, the Vmax 
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Figure 4.2: Vmax values measured in cell-free extracts made in the presence and absence of the phosphatase 
inhibitors sodium fluoride (10 mM) and sodium pyrophosphate (5 mM). For these measurements we have 
used option 2 as medium composition (Table 4.2). Error bars represent standard deviation of at least two 
independent cell-free extracts from steady-state samples from a single chemostat culture.



values were recalculated in the direction of the flux. To obtain these Vmax values in 
the catabolic direction, Michaelis-Menten constants and equilibrium constants from 
literature were used (alcohol dehydrogenase [108]; glyceraldehyde-3-phosphate 
dehydrogenase [50]; phosphoglucose isomerase [303]; 3-phosphoglycerate kinase 
[20]). The results are shown in Table 4.4. The in vivo-like Vmax values were sufficient 
to support the maximal flux. 

Table 4.4: Vmax values measured under the in vivo-like conditions (in the absence of the phosphatase 
inhibitors) and the maximal fluxes through the glycolytic and fermentative enzymes. Maximal fluxes were 
calculated as mentioned in Material and Methods (section 4.2.8) from the off-line measured fluxes under 
anaerobic glucose-excess conditions in steady-state cells from an aerobic glucose-limited chemostat 
culture at a growth rate of 0.1 h-1. Errors represent SEM of at least three independent cell-free extracts 
from steady-state samples from a single chemostat culture.

Enzyme
In vivo-like Vmax

(mmol.min-1.gProtein-1)
Flux

(mmol.min-1.gProtein-1)

HXK 0.80 ± 0.06 0.35 ± 0.01

PGI 2.8 ± 0.3 0.31 ± 0.00

PFK 0.80 ± 0.10 0.31 ± 0.00

ALD 1.2 ± 0.1 0.31 ± 0.00

TPI 26 ± 0 0.24 ± 0.01

GAPDH 0.59 ± 0.00 0.55 ± 0.01

PGK 111 ± 4 0.55 ± 0.01

GPM 9.1 ± 0.3 0.55 ± 0.01

ENO 0.96 ± 0.06 0.55 ± 0.01

PYK 3.1 ± 0.1 0.55 ± 0.01

PDC 1.5 ± 0.1 0.55 ± 0.01

ADH 56 ± 2 0.55 ± 0.01

4.4 Discussion 

In order to support coordinated efforts to standardize experimental conditions 
for Systems Biology, we have formulated an assay medium for kinetic measurements 
that closely resembles the cytosolic environment of yeast. The assay medium was 
tested on the glycolytic and fermentative enzymes of S. cerevisiae.

The importance of standardization in such a way that it gives rise to realistic 
in vivo parameters cannot be underestimated. The modeling of cellular pathways 
based on the underlying biochemistry is hampered too often by the fact that kinetic 
parameters have been measured under non-physiological conditions. Historically, 
this is quite understandable, since most enzymology has been aimed at the unraveling 
of kinetic mechanisms and it is then very informative to subject enzymes to extreme 
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conditions. However, data and assay conditions that were meant to understand 
catalytic mechanisms cannot be applied directly into models of the in vivo behavior of 
metabolic pathways. To obtain realistic model predictions it is crucial to use an in vivo-
like assay medium that mimics as closely as possible the intracellular environment in 
which the enzymes function. 

The medium, which we have developed in this study, is representative of the 
intracellular environment of the yeast CEN.PK113-7D, cultivated under standardized 
conditions. The question remains whether such a medium is generally applicable. 
Within the yeast Systems Biology community the CEN.PK113-7D strain is an 
accepted standard [315], albeit not the only one, and so are the cultivation conditions 
which we have used here. The same strain and conditions have been used for other 
standardization efforts, e.g. for transcriptome analysis [229]. Thus, the assay medium 
will have a wide applicability for yeast Systems Biology. For specific yeast strains 
or cultivation conditions – or for enzymes localized in other cellular compartments 
– modifications to the assay medium may be necessary, but even then the medium 
proposed here is a good starting point. For different organisms or cell types it will 
be necessary to develop dedicated assay media. We are aware of and/or involved in 
such standardization projects for enzyme assays for E. coli, lactic-acid bacteria and 
mammalian cells. The procedure described in this paper can be followed to develop 
the most realistic assay medium. In cases where this is not feasible, the yeast assay 
medium combined with organism-specific literature data still present a more realistic 
starting point than the classical assay media for enzyme kinetics. 

We are well aware of the fact that the assay medium, which we propose, is 
much simpler than the composition of the cell’s interior. We intentionally aimed 
for simplicity such that it will be feasible to use the assay medium in large-scale 
(re)determinations of enzyme-kinetic parameters. This has necessarily led to 
compromises. A prominent example is calcium, which we added at a relatively 
high concentration to avoid fluctuations. An alternative would have been to add an 
EGTA buffer, but this would have compromised the simplicity of the preparation. 
Furthermore, some of the ions added in the assay medium vary quite substantially in 
the cell as a function of time and conditions. Examples of which we know that they 
may affect the activity of some enzymes substantially are pH and protons. When such 
effects are suspected to be important in a specific application, they should be subject 
to dedicated studies. The proposed assay medium will then serve as a reference from 
which variations can be studied systematically. Along similar lines, there are many 
more metabolites in the cell than in our standardized medium and each of them may 
have an effect on the kinetics of a particular enzyme. However, it will be impossible 
and unnecessary to add them all to the in vivo-like medium, because most enzymes 
will be affected by a limited number of metabolites. Whenever an unknown regulatory 
effect is suspected, the effect of specific metabolites on the enzyme of interest should 
be investigated in the context of the in vivo-like medium. Finally, in vivo the enzymes 
are present at much higher concentrations than in typical enzyme assays in which 
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cell extracts are diluted. The crowded intracellular environment may affect protein-
protein interactions and thereby also the activities of the enzymes involved [252]. 
As an indirect test, we have mimicked the effect of macromolecular crowding on the 
enzymatic assays by addition of polyethylene glycol or bovine serum albumine, but 
we observed no significant effects for the glycolytic enzymes (not shown).

In principle the new assay medium can be used for all cytosolic enzymes of yeast 
and is not limited to glycolytic enzymes. This is because the ions in the medium are 
in most cases not substrates nor products of the reactions under study. We must be 
aware, however, that some of these ions can be converted enzymatically. For instance 
for enzymes that convert phosphate or glutamate, it may be necessary to alter the 
medium composition. Also we added glutamate as a substitute for amino acids or 
even anions in general. When glutamate or other amino acids are suspected to be 
specific regulators, modifications may therefore be necessary. Thus the standard will 
serve as an important reference, but critical use is required.

For some enzymes we observed large differences between their capacities 
under optimized versus in vivo-like conditions (Figure 4.1). In most cases the latter 
conditions yielded lower capacities, as one should have expected. Specifically, 
the activities of a number of enzymes with relatively high Vmax (phosphoglucose 
isomerase, triosephosphate isomerase, alcohol dehydrogenase) were lower in the 
in vivo-like assay relative to the optimal conditions. This makes sense, as protein 
synthesis is costly for the cell and there is no apparent advantage of disproportional 
overproduction of a few enzymes. The Vmax values of all enzymes were higher than 
the flux through them under conditions that favor a high glycolytic flux. Thus, the 
new data seem realistic and a good starting point for modeling. So far we focused on 
Vmax values, but other kinetic parameters, such as affinity constants, are also likely 
to be affected by the composition of the assay medium. We will therefore need to 
redetermine the affinities of the enzymes for substrates, products and effectors (Km, 
Ki, Ka) under the newly formulated assay conditions.

In conclusion, we propose that the assay medium presented here will be a 
new standard for enzyme activity measurements (i.e. not only glycolytic) in yeast 
Systems Biology projects. As discussed above, it will be impossible to stick to a single 
standard for all future studies. Yet, the strategy followed in this study should serve as 
a blueprint for a transparent definition of standard assay media.
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Supplemental Figure S4.1: Enzyme capacities (Vmax) measured at various phosphate concentrations. The 
Vmax was measured in the definitive in vivo-like assay medium, in which the glutamate concentration was 
adapted to compensate for the varying phosphate concentrations. The error bars (50 mM phosphate) 
represent SEM of at least three independent cell-free extracts from steady-state samples from a single 
chemostat culture. The remaining two phosphate concentrations, i.e. 10 and 25 mM phosphate, were 
single experiments.





Integration of the metabolic and 
gene-expression regulation into a kinetic computer 

model of yeast glycolysis

Chapter 5

Abstract 

In Chapter 3 it was shown how the regulation of the glycolytic flux upon 
nitrogen starvation depends on the growth history of the yeast. The important role 
of metabolism that was apparent from the lack of hierarchical regulation could 
not be explained directly from the measured changes in intracellular metabolite 
concentrations. In this chapter the data obtained in Chapter 3 were implemented in 
an existing kinetic model of glycolysis [301]. In the first attempt, the original model 
[301] did not reach a steady state under any of the conditions of this study. The 
following modifications were then made to the model: (i) utilization of Vmax values 
measured under in vivo-like conditions (cf. Chapter 4), (ii) addition of the known 
inhibition of hexokinase by trehalose 6-phosphate, (iii) redetermination of the 
kinetic parameters of glyceraldehyde-3-phosphate dehydrogenase under in vivo-like 
conditions and (iv) addition of the known activation of pyruvate kinase by fructose 
1,6-bisphosphate.

The adapted model reached steady states at all experimental conditions studied. 
When the yeast was taken directly from a glucose-limited chemostat culture at 
a dilution rate of 0.35 h-1, the predicted fluxes and metabolites concentrations 
corresponded well with the experimental data. Under the other conditions 
tested, however, extremely high concentrations of fructose 1,6-bisphophate were 
predicted. In order to bring the concentration of fructose 1,6-bisphosphate down, 
whilst maintaining a good fit to the measured flux, it was necessary to regulate the 
influx of glucose via glucose transport and hexokinase strictly with respect to the 
downstream glycolytic reactions. Minor adaptations to the kinetics of hexokinase 
and glyceraldehyde-3-phosphate dehydrogenase simultaneously allowed a good 
fit under another two conditions, while the correspondence between model and 
experiment of the fourth and last condition tested, improved substantially.





5.1 Introduction

Regulation Analysis has revealed a diversity of regulation when yeast glycolysis 
adapts to nitrogen starvation ([4, 215, 259, 261] and the previous chapters). 
Moreover, the distribution of regulation between metabolism and through gene 
expression depends on time (Chapter 2) and growth history (Chapter 3). Quantitative 
classification of regulation is a first step in the unraveling of the underlying biochemical 
mechanisms. For gene-expression regulation of the flux, the first quantitative insights 
in the contributions of the various processes involved have been obtained. In the 
specific cases that have been studied – these did not include nitrogen starvation 
– regulation of transcription turned out to be a minor component, while mRNA-
turnover and translation regulation played a major role, possibly complemented by 
protein turnover and modification [76, 125]. In view of our expanding knowledge of 
posttranscriptional regulation mechanisms, it is quite likely that these studies are 
examples of a more widespread phenomenon, namely that transcription is just one 
of the players in the gene-expression cascade, not necessarily more or less important 
than any of the other players.

In this chapter, I will integrate the measured gene-expression and metabolic 
regulation into a kinetic computer model of glycolysis and address the nature of the 
metabolic regulation in depth. In Chapter 3 I demonstrated that yeast cells – when 
confronted with nitrogen starvation – responded predominantly by gene-expression 
regulation if they had been growing under respirofermentative conditions, while 
cells from respiratory cultures exhibited a relatively strong metabolic response. 
Qualitative inspection of changes in the intermediate metabolites and the allosteric 
regulators of glycolysis did enable me to explain some but not all of the observed 
metabolic regulation satisfactorily: understanding of the regulation was still far from 
complete. 

A next step in explaining the metabolic regulation of the flux upon nitrogen 
starvation could be the implementation of the obtained data into a kinetic model of 
yeast glycolysis. In a model that takes the measured Vmax’s and mechanistic enzyme 
kinetic equations as input, the concerted effect of metabolic and gene-expression 
regulation will become visible. Where the model closely mimics glycolysis in vivo, it 
will be possible to assess the role of each metabolite in the flux regulation quantatively, 
according to the method described by Sauro [269].

Over the last 30 years many kinetic computer models of yeast glycolysis have been 
constructed. The first models focused on the mechanisms underlying oscillations in 
yeast cultures and extracts [24, 34, 36, 136, 245]. The developments in Metabolic 
Control Analysis (MCA) inspired the construction of a new generation of models to 
study the distribution of flux control in glycolysis. The applied aim of these models 
was to amplify or redirect the flux through glycolysis [69, 83, 107, 272]. Three more 
recent kinetic models were detailed, i.e. based on in vitro enzyme kinetics [147, 250, 
301] and each of these models was developed with a different aim. The model of Rizzi 
et al. [250] was based on published kinetic mechanisms and affinity constants. The 
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enzyme capacities were fitted to the dynamic response of yeast after excess glucose 
addition to a steady-state glucose-limited culture. Hynne et al. modeled the dynamic 
characteristics of oscillating yeast suspensions to estimate the kinetic parameters 
[147]. Both approaches aimed at in vivo parameter estimation. However, the approach 
of Hynne et al. allowed the estimation of not only the enzyme capacities but also their 
affinity constants [147]. The objective of the modeling by Teusink et al. was to evaluate 
critically to what extent biochemical knowledge from in vitro studies could be used 
to predict the glycolytic flux and the concentrations of glycolytic intermediates [301]. 
Their conclusion was that the in vitro kinetics could not describe the in vivo activity 
for all of the glycolytic enzymes satisfactorily. We are not aware of attempts to apply 
the models of Hynne et al. [147] and Rizzi et al. [250] to predict glycolytic behaviour 
under conditions different from those used in their construction. Attempts made 
for the Teusink model, in which Vmax values were changed to other condition tested, 
were not so successful (S. Rossell, personal communication; this chapter). Reijenga 
used the Teusink model to study the effect of extracellular oscillations – with mixed 
success and not before some adaptations to the model were done [244].

A simplified kinetic description that was extensively applied to the dynamics of 
yeast glycolysis is the linear-logarithmic (lin-log) kinetics approach [321], which is 
closely related to mosaic non-equilibrium thermodynamics (MNET) [332]. The lin-
log kinetic framework showed that with simplified kinetics and less parameters still 
good model predictions were obtained [172, 322, 339]. This ‘minimalist’ approach 
demonstrated the key importance of the feedback and feed forward loops for glycolytic 
dynamics [212, 262]. It is quite remarkable that the lin-log kinetics gave such good 
model predictions, since a reduction of the Teusink model by one of the best-known 
reduction methods of balancing and truncation was less successful [131]. 

The aim of this chapter is to understand the regulation of glycolysis upon nitrogen 
starvation, based on measured changes in enzyme activities (Vmax) and metabolite 
concentrations. The computer model of yeast glycolysis by Teusink et al. [301] was 
used as the starting point to simulate the effect of nitrogen starvation on glycolysis. 
Since the in vitro kinetics could not describe the in vivo activity for all of the glycolytic 
enzymes satisfactorily ([301] and this chapter), the Vmax values and some affinity 
constants were measured under in vivo-like conditions as described in Chapter 4, 
and the results were implemented in the model. In addition, all the known allosteric 
regulators were implemented into the model. I will investigate how the model 
corresponds to the experimental behavior of glycolysis upon nitrogen starvation, and 
show how minor fitting can solve the remaining discrepancies between model and 
experiment.

5.2 Material and Methods

5.2.1 Growth and nitrogen-starvation conditions

The haploid, prototrophic Saccharomyces cerevisiae strain CEN.PK113-7D (MATa, 
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MAL2-8c, SUC2) was cultivated in an aerobic, glucose-limited chemostat (1 l laboratory 
fermentor, Applikon) as described in detail by Van Hoek et al. [317]. Chemostat 
cultures were fed with defined mineral medium [320] in which glucose (42 mM) 
was the growth-limiting nutrient. Yeast cells were grown under either respiratory or 
respirofermentative conditions at a dilution rate of 0.1 or 0.35 h-1, respectively. 

For the nitrogen-starvation experiments the same defined mineral medium was 
used as for the chemostat culture, but it lacked ammonium sulfate and contained an 
excess of glucose. The addition of glucose served to prevent additional starvation for 
the carbon source. Yeast cells harvested from steady-state chemostats were washed 
with ice-cold starvation medium and resuspended in starvation. Cells were brought 
back in a new fermentor in batch mode (start volume was around 1 litre) at otherwise 
the same conditions as during chemostat cultivation (for a detailed description see 
Chapter 3). 

5.2.2 Glucose-transport assay

Zero-trans influx of 14C-labeled glucose was measured in a 5-s uptake assay as 
described by Walsh et al. [325] with the modifications of Rossell et al. [258] at 30 
°C. The range of glucose concentrations was between 0.25 and 225 mM. Irreversible 
Michaelis-Menten equations without product inhibition were fitted to the data by 
nonlinear regression.

5.2.3 In vivo-like enzyme activities

Enzyme capacities (Vmax) were determined in extracts made from non-starved 
and 4 h nitrogen-starved cells from cultures grown under either respiratory (D = 0.1 
h-1) or respirofermentative conditions (D = 0.35 h-1) as described in Chapter 3. The 
capacities of the glycolytic and fermentative enzymes were measured under in vivo 
-like conditions as described in Chapter 4. Note that PFK was assayed with 10 mM 
of fructose 6-phosphate in order to saturate the enzyme, as discussed in Chapter 4.

The affinity constants (Km) of GAPDH for its reactants were redetermined under 
in vivo-like conditions. This was done by varying the substrate concentrations on cell 
extracts from all four different experimental conditions used in this study. 

5.2.4 Model description

The glycolytic model of Teusink et al. [301] was the starting point for this study. 
The aim of the modeling was (i) to predict the steady-state flux and metabolite 
concentrations, under the conditions of the fermentative capacity assay (high glucose, 
anaerobic) and at the measured Vmax values for the four experimental conditions 
tested, (ii) to compare the model outcome to the measured flux and metabolite 
concentrations and (iii) to test how the in vivo-like Vmax’s affected the correspondence 
between model and experiment, as compared to the Vmax’s from the optimized assays. 
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The model as it was used here, is depicted in Figure 5.1. Starting from the original 
Teusink model [301] the following modifications were made, based on new insights 
and in order to tailor the model to the experimental conditions of this study.

1.  The Vmax values of all glycolytic and fermentative enzymes and the Vmax and 
affinity constant of glucose transport that were measured under the conditions of this 
study (Table 5.1) were implemented in the model. For most of the remaining kinetic 
parameters we have used the values of Teusink et al. [301]. The only exceptions 
were the kinetic parameters of GAPDH that were redetermined under the in vivo like 
conditions in cell-free extracts from all four conditions (Table 5.1). 

2.  In the original Teusink model the branching fluxes to trehalose and 
glycogen were fixed at their measured values. Under the conditions described here, 
the glycogen flux was negligible (data not shown) and therefore not included. The 
trehalose flux was fixed at the value measured in our study and so were the fluxes to 
glycerol and succinate (Table 5.2). To prevent a redox imbalance in the model we did 
not fix the flux to acetate. Instead it was made linearly dependent on the acetaldehyde 
concentration with a rate constant of 0.5 min-1.

3.  In the original model [301] the net ATP produced by glycolysis was consumed 
in a lumped reaction of ATP utilization. This resulted in variable and mutually 
dependent ATP, ADP and AMP concentrations. Since information about the kinetics 
of ATP utilization was lacking and moreover not the focus of this study, we decided 
to remove the ATP utilization from the model and instead inserted the measured 
concentrations of the ATP, ADP and AMP as fixed parameters (Table 5.3).

4. The known inhibition of HXK by trehalose 6-phosphate (T6P) had not been 
included in the original model [301]. Yet, it is thought to play an important role in the 
regulation of glycolysis, particularly to prevent an imbalance between the upper and 
lower part of the pathway [300]. T6P is an inhibitor of HXK that competes with its 
substrate glucose. Different Ki values for the different hexokinases of yeast have been 
reported. Glucokinase was not inhibited by T6P, while the Ki values of hexokinase I 
and II were 0.2 mM and 0.04 mM, respectively [31]. Here we have used a Ki value of 
0.2 mM. The kinetic equation of HXK was modifed as follows:

5.  Finally, the Km of PDC in the original model (4.3 mM) [301] had been obtained 
from Boiteux and Hess [33] based on an intracellular phosphate concentration of 25 
mM. However, we have measured the PDC activity at a phosphate concentration of 50 
mM, which is likely to be the intracellular concentration under the growth conditions 
studied here [340]. Based on the data of Boiteux and Hess [33] we calculated a Km 
value of PDC for pyruvate of 6.36 mM at 50 mM phosphate and the new value was 
inserted in the model. 

The model version with these five changes implemented will be referred to as 
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Figure 5.1: The glycolytic and fermentative pathway as they were modeled in this study. Metabolites 
are depicted in bold face, allosteric regulators in regular, enzymes in italics and branching pathways 
underlined. GLCo: extracellular glucose, GLCi: intracellular glucose, G6P: glucose 6-phosphate, F6P: 
fructose 6-phosphate, F16BP: fructose 1,6-bisphosphate, DHAP: dihydroxyacetone phosphate, 
GAP: glyceraldehyde 3-phosphate, BPG: 1,3-bisphosphoglycerate, 3PG: 3-phosphoglycerate, 2PG: 
2-phosphoglycerate, PEP: phosphoenolpyruvate, PYR: pyruvate, ACE: acetaldehyde, EtOH: ethanol, HXT: 
hexose transport, HXK: hexokinase, PGI: phosphoglucose isomerase, PFK: phosphofructokinase, ALD: 
aldolase, TPI: triosephosphate isomerase, GAPDH: glyceraldehyde-3-phosphate dehydrogenase, PGK: 
3-phosphoglycerate kinase, GPM: phosphoglycerate mutase, ENO: enolase, PYK: pyruvate kinase, PDC: 
pyruvate decarboxylase, ADH: alcohol dehydrogenase.



Van Eunen-1. In later model versions these changes are maintained and the effect of 
further changes is evaluated.

All experimental data were converted to intracellular units (mM.min-1 for rates 
and mM for concentrations) by assuming a yeast cytosolic volume of 3.75 µl.mg cell 
protein-1 [82]. The final model including all equations and the parameters that were 
constant for the four conditions studied, is given in appendix A of this chapter. In the 
Results section 5.3 we will describe the impact of all the changes made to the model 
in detail.

Table 5.1: Kinetic parameters measured under in vivo-like conditions and implemented in the glycolytic 
model under the four conditions studied. Data were derived from new measurements done in the present 
study.

Parameter
D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved

Vmax,glt 220.0 121.3 201.3 94.7 mM.min-1

Km,glt,GLC 1.6 11.0 0.9 7.0 mM

Vmax,hk 285.3 222.5 257.5 227.3 mM.min-1

Vmax,pgi 808.3 851.7 903.4 855.5 mM.min-1

Vmax,pfk 213.3 165.3 178.7 93.3 mM.min-1

Vmax,ald 189.3 153.3 200.0 161.3 mM.min-1

V+
max,gapdh 1858.7 1047.7 1496 853.3 mM.min-1

V-
max,gapdh 1210.7 877.3 866.7 840 mM.min-1

Km,GAP 2.48 1.15 0.39 1.41 mM

Km,NAD 2.92 2.95 2.85 2.62 mM

Km,NADH 0.022 0.10 0.007 0.014 mM

Km,BPG 1.18 0.15 0.51 1.43 mM; calculated

Keq,gapdh 0.0056 0.0056 0.0056 0.0056
Dimensionless; 
taken from [301]

V-
max,pgk 2670.1 3029.7 2415.5 1962.4 mM.min-1

Vmax,gpm 855.5 748.0 870.7 402.7 mM.min-1

Vmax,eno 357.3 285.3 485.2 272.0 mM.min-1

Vmax,pyk 558.7 636.0 677.3 480.0 mM.min-1

Vmax,pdc 248.0 297.3 334.7 172.0 mM.min-1

V-
max,adh 817.3 744.0 856.0 744.0 mM.min-1
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Table 5.2: Measured fluxes into the side branches (mM.min-1), i.e. to (if positive) /from (if negative) 
trehalose, to glycerol and to succinate under the four conditions studied. These were subsequently used 
as fixed parameters in all Van Eunen models described in this study. Positive values indicate fluxes away 
from glycolysis. Data from Chapter 3.

Flux
D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved
Trehalose -2.1 -2.2 1.0 -1.9
Glycerol 17.5 24.9 21.3 21.5
Succinate 0.9 0 0.9 0.2

Table 5.3: Concentration of allosteric regulators and adenine nucleotides (in mM) measured under all 
four conditions studied and implemented as fixed parameters in the glycolytic model. Data from Chapter 3.

Regulator
D = 0.1 h-1

Non-starved

D = 0.1 h-1

4h N-starved

D = 0.35 h-1

Non-starved

D = 0.35 h-1

4h N-starved
ATP 5.00 3.92 4.29 4.70
ADP 1.00 0.81 1.29 1.09
AMP 0.30 0.25 0.44 0.37
T6P 2.20 0.36 3.52 0.59
F26BP 0.014 0.009 0.003 0.006

5.3 Results

5.3.1 Summary of the data used in the glycolytic model

In this study we have integrated the roles of gene expression and metabolism 
in the regulation of the flux upon nitrogen starvation. Since the change in flux was 
the largest after four hours of nitrogen starvation under either growth condition, we 
have focused on this 4 h time point in comparison to non-starved cells. Accordingly, 
in total four different conditions were studied: (i) non-starved cells from a glucose-
limited chemostat culture grown under respiratory conditions (D = 0.1 h-1), (ii) cells 
grown under these respiratory conditions which had subsequently been starved for 
nitrogen during 4 h, under batch conditions in excess of glucose, (iii) non-starved 
cells grown under respirofermentative conditions (glucose-limited chemostat, D = 
0.35 h-1) and (iv) 4 h nitrogen-starved (under batch conditions in glucose excess) 
cells derived from this respirofermentative culture. For each of the four conditions 
cells were harvested to measure (i) the maximal glycolytic flux and the intracellular 
metabolite concentrations in an off-line assay under anaerobic glucose-excess 
conditions (fermentative capacity) and (ii) the Vmax of the glycolytic and fermentative 
enzymes. The fluxes and metabolite concentrations were already reported in Chapter 
3 and are taken from there. The Vmax values under in vivo-like conditions and the 
kinetics of glucose transport were derived from new measurements made for the 
present study. All data used as input, i.e. in vivo-like kinetics, fluxes to/from the side 
branches and concentrations of the metabolites that were taken as fixed parameters, 
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can be found in Tables 5.1 till 5.3, respectively.
The Vmax values presented in Chapter 3 were measured under assay conditions 

that were optimal for each enzyme and that do not resemble the in vivo conditions. To 
obtain more realistic quantitative models it was desirable to measure the Vmax under 
conditions that are as close as possible to the in vivo situation. Therefore, we have 
measured the Vmax under in vivo-like conditions as described in Chapter 4. Table 5.1 
shows the in vivo-like Vmax values for the four conditions studied. Vmax values observed 
varied in a similar way as compared to the values measured under the enzyme-
optimal assay conditions (see Chapter 3). If we calculated the regulation coefficients 
with the in vivo-like Vmax data (Table 5.1) and the flux data taken from Chapter 3, a 
similar distribution of the regulation coefficients was found (Figure 5.2) as in this 
chapter. A comparison of these ‘revised’ regulation coefficients and those presented 
in Chapter 3 is shown in Table 5.4. 

For GAPDH, the in vivo-like Vmax was measured in both directions and also 
the affinity constants were redetermined under in vivo-like conditions. Since 
1,3-bisphoshoglycerate (BPG) is not stable, we could not measure the affinity 
constant (Km) for this product. Instead, we calculated the Km for BPG using the 
Haldane relationship, the measured Vmax values, the measured Km values for the other 
substrates and products, and the Keq  (Table 5.1).

In addition, we have measured the kinetics of hexose transport in a 5-seconds 
14C-glucose uptake assay. The Vmax values and the affinity constants of the hexose 
transporters are shown in Table 5.1. Under both growth conditions the transport 
capacity decreased and the Km for glucose increased after 4 h nitrogen starvation. 

The samples for intracellular metabolite measurements had been taken from 
the incubations for the off-line flux measurements during the fermentative capacity 
assay at 15 minutes after the addition of glucose. At that time the measured fluxes had 

-  106  -

Chapter 5

Figure 5.2: Distribution of the regulation coefficients of the various glycolytic enzymes after 4 h nitrogen 
starvation, based on the in vivo- like Vmax values, experimentally determined changes in fluxes and the 
summation law for regulation. Closed circles: D = 0.1 h-1, Open circles: D = 0.35 h-1.



become constant and glycolysis was assumed to be at steady state. The concentrations 
of the allosteric regulators T6P and F26BP and those of ATP, ADP and AMP (Table 
5.3) were inserted as fixed parameters in the kinetic model, while the concentrations 
of the glycolytic intermediates were used as a validation of the model (Table 5.7).

Table 5.4: Comparison of the regulation coefficients presented in Chapter 3 (Vmax values measured under 
enzyme-optimized conditions) and those re-calculated with the Vmax values measured under in vivo-like 
conditions, but using the same changes in flux.

Enzyme

Chapter 3 
Enzyme-optimized Vmax values

In vivo-like Vmax values

D = 0.1 h-1 D = 0.35 h-1 D = 0.1 h-1 D = 0.35 h-1

ρh SEM ρm ρh SEM ρm ρh SEM ρm ρh SEM ρm

HXK -1.0 0.3 2.0 0.3 0.2 0.7 -0.6 0.0 1.6 0.3 0.1 0.7
PGI -0.2 0.2 1.2 0.1 0.3 0.9 0.1 0.1 0.9 0.4 0.1 0.6
PFK -0.7 0.2 1.7 1.9 0.3 -0.9 -0.7 0.01 1.7 4.4 1.1 -3.4
ALD -0.8 0.2 1.8 3.5 0.8 -2.5 -0.6 0.5 1.6 1.4 0.2 -0.4
GAPDH -0.5 0.2 1.5 -0.2 -0.4 1.2 -0.5 0.3 1.5 0.3 0.5 0.7
PGK 0.2 0.3 0.8 1.1 0.3 -0.1 0.3 0.1 0.7 1.2 0.0 -0.2
PYK -0.1 0.2 1.1 1.3 0.1 -0.3 0.4 0.2 0.6 2.0 0.2 -1.0
PDC 1.2 0.3 -0.2 6.6 1.9 -5.6 0.5 0.1 0.5 3.8 0.1 -2.8
ADH -0.7 0.1 1.7 2.3 0.4 -1.3 -0.2 0.0 1.2 0.8 0.1 0.2

5.3.2 Regulation of individual enzymes

For four of the enzymes (PGI, PFK, PYK and PDC), a complete dataset was available 
to calculate their rates and metabolic regulation based on their kinetic equation 
and their measured Vmax and metabolite concentrations. The kinetic equations 
and parameters can be found in Appendix A1.2 and the measured metabolite 
concentrations in Table A2.3).

The most obvious step to take was to calculate the metabolic regulation coefficients 
(ρm) from the changes in metabolite concentrations for these four enzymes and 
compare these to the ρm values calculated by subtracting the hierarchical regulation 
(ρh) from 1 (ρm +  ρh = 1, see Chapter 1). This was done by inserting the metabolite 
concentrations into the metabolic component of the rate equation of the enzyme, 
leaving Vmax out of the equation (i.e. by directly calculating the right-hand term in 
Eq. 1.8). The comparison showed that metabolic regulation coefficients calculated 
by the two methods were not similar (data not shown). The reason could be that 
the kinetics used in these rate equations do not resemble the in vivo situation and 
therefore I will discuss the kinetics of these four enzymes in further detail. 

PGI was dominantly regulated by metabolism under all conditions tested in this 
study (Table 5.4; ρh close to 0). There are no allosteric effectors known for PGI and 
therefore according to current knowledge, the flux through the enzyme should have 
been mainly regulated by changes in substrate and product concentrations. Figure 
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5.3A shows that the PGI rates calculated from the kinetic equation with the measured 
Vmax values and metabolite concentrations inserted (further referred to as the 
calculated rate or flux), are higher than the measured rates under all four conditions. 
The measured increase of flux during nitrogen starvation of cells from the respiratory 
culture was qualitatively reproduced by the calculated flux. However, where a 
decrease of flux was measured during starvation of the respirofermentative culture, 
an increase was calculated when inserting the measured metabolite concentrations 
and Vmax values into the rate equation for this enzyme. Since PGI works most often 
close to equilibrium, a subtle change in the mass-action ratio ([F6P]/[G6P]) has a 
substantial effect on the flux through the enzyme. The mass-action ratios and the 
displacement from equilibrium are shown in Table 5.5. The mass-action ratios 
differed only slightly between the four conditions. Since a subtle change in mass-
action ratio had such a big effect on the flux, it is very important to have accurate 

-  108  -

Chapter 5

Figure 5.3: Comparison of the measured fluxes through some of the enzymes and their calculated flux. To 
calculate the flux we have used the equations used in the model of Teusink et al. [301] (see Appendix A1.2) 
and the measured Vmax values (Table 5.1) and intracellular metabolite data (see Appendix A2.3 for the 
glycolytic intermediates and Table 5.3 for the regulators). For PYK activated by F16BP the kinetic equation 
of Rizzi et al. [250] was taken, with our Vmax. We could calculate the flux only for these four enzymes, of 
which all metabolite data was available. Black bars: D = 0.1 h-1 non-starved; dark grey bars: D = 0.1 h-1 4 h 
N-starved; white bars: D = 0.35 h-1 non-starved; light grey bars: D = 0.35 h-1 4 h N-starved.



metabolite measurements. The importance of the changes in the concentrations of 
the substrate and/or product is also reflected in the elasticity coefficients found for 
PGI. Here we have made a distinction between the energetic and kinetic term of the 
elasticity coefficients according to the following equations [141]:

Indeed the absolute values of the elasticities towards substrate and product were 
large, mostly due to the contribution of the energetic term (Table 5.5). Hence, small 
uncertainties in the metabolite concentrations may well explain the differences 
between the calculated and the measured flux through PGI.

A second enzyme, for which all metabolite data was available, was PFK. PFK 
is one of the most complicated enzymes of glycolysis due to its many regulatory 
interactions. Starvation of the cells from the respiratory culture resulted in a strong 
metabolic regulation (ρm was 1.7, see Table 5.4). The PFK flux calculated for the non-
starved cells from the respiratory culture differed markedly from the measured 
flux. For the other conditions, calculations and measurements corresponded much 
better. We note that the calculated PFK flux (Figure 5.3B) closely followed the trend 
of the Vmax presented in Table 5.1, suggesting that metabolite concentrations have 
little impact. Indeed, most of the calculated elasticity coefficients shown in Table 
5.6 are very small. Even the elasticity coefficient of the allosteric regulator fructose 
2,6-bisphosphate (F26BP) was close to zero, indicating that F26BP does not play a 
role in the regulation of PFK according to the in vitro kinetics used here. This is quite 
remarkable and might suggest that the in vitro kinetics we used do not resemble the 
in vivo situation [79, 246]. The largest elasticity was calculated for F6P. However, the 
concentration of this metabolite was very similar under all conditions (0.7-0.8 mM), 
except in the non-starved respirofermentative cells (1.0 mM). 

Table 5.5: Mass-action ratio (Γ), displacement from equilibrium (Γ/Keq) and elasticity coefficients for PGI. 
The elasticity coefficients are split into an energetic and a kinetic term.

Condition
Γ

([F6P]/[G6P])
Γ/Keq

εG6P εF6P

Energetic Kinetic Total Energetic Kinetic Total

D = 0.1 h-1 
non-starved 0.193 ± 0.002 0.62 ± 0.01 2.6 -0.5 2.1 -1.6 -0.4 -2.0

D = 0.1 h-1  
N-starved 0.190 ± 0.004 0.60 ± 0.01 2.5 -0.4 2.1 -1.5 -0.4 -1.9

D = 0.35 h-1 
non-starved 0.188 ± 0.009 0.60 ± 0.03 2.5 -0.5 2.0 -1.5 -0.4 -1.9

D = 0.35 h-1 
N-starved 0.174 ± 0.007 0.56 ± 0.02 2.3 -0.5 1.8 -1.3 -0.4 -1.7
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The regulation of the flux through PYK was metabolic in the respiratory cells, and 
hierarchical in the respirofermentative cells (Table 5.4). PYK is allosterically activated 
by fructose 1,6-bisphosphate (F16BP). Teusink et al. [301] did not implement 
this activation in their model, since in their in vitro experiments PYK was already 
maximally activated at the measured F16BP concentration (0.5 mM). Their F16BP 
concentration was more than 20 times lower than the concentrations found under 
our conditions. In contrast, Johannes and Hess, [153] found that F16BP activates PYK 
until at least 5 mM. Visser et al. [323] confirmed the importance of this activation loop 
under in vivo conditions. Here we compare the kinetic equations used by Teusink et 
al. [301], without F16BP activation, to that of Rizzi et al. [250], in which the allosteric 
activation by F16BP depended on the ATP concentration [250]. The trend is similar 
with both rate equations, but the fluxes calculated with the F16BP activation of PYK 
are much closer to the measured fluxes (Figure 5.3C).

The calculated fluxes of pyruvate decarboxylase were lower than the measured 
values (Figure 5.3D). The trend reflects the experimental measurements, except that 
in the non-starved cells from the respirofermentative culture the calculated flux was 
much higher than under any of the other three conditions. As pyruvate decarboxylase 
has a high elasticity coefficient for pyruvate (Table 5.6), the higher pyruvate 
concentration measured in the non-starved cells from the respirofermentative 
culture causes this relatively high flux. Nevertheless, this high flux comes close to the 
measured flux for PDC.  

Table 5.6: Elasticity coefficients of the enzymes for which all metabolite data were available. (For PGI, see 
Table 5.5).

Condition
PFK

PYK

PDCWithout F16BP 

activation

With F16BP activation

εF6P εF16BP εATP εAMP εF26bP εPEP εPYR εADP εATP εPEP εADP εATP εF16BP εPYR

D=0.1 h-1

non-starved
0.4 -0.1 0.0 0.2 0.1 0.8 -0.1 0.5 -0.8 0.7 0.2 0.0 0.0 1.3

D=0.1 h-1

4h N-starved
0.5 -0.1 0.0 0.2 0.1 0.8 -0.1 0.6 -0.7 0.6 0.3 0.0 0.0 1.1

D=0.35 h-1

non-starved
0.2 0.0 0.0 0.1 0.0 0.8 -0.1 0.4 -0.7 0.6 0.2 0.0 0.0 0.8

D=0.35 h-1

4h N-starved
0.4 0.0 0.0 0.2 0.0 0.8 -0.1 0.5 -0.7 0.6 0.2 0.0 0.0 1.0

5.3.3 Glycolysis model

Since the metabolite data were available for only four of the glycolytic enzymes, it 
was impossible to assess the metabolic regulation of all glycolytic enzymes directly. In 
order to obtain more insight into the mechanisms underlying the observed regulation, 
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the next step was the implementation of the data into the glycolytic model of Teusink 
et al. [301]. When the in vivo -like Vmax values of the enzymes as well as the measured 
kinetics of the glucose transporter were implemented for each condition, the original 
model did not reach a steady state under any of the four conditions. Panels A-D in 
Figure 5.4 shows a time simulation of the original model, parameterized for the non-
starved cells from the respirofermentative culture. The metabolite concentrations 
measured under these conditions were taken as the initial concentrations. A number 
of metabolite concentrations, including those of G6P and F6P, dropped rapidly and 
then stabilized. F16BP, however, increased continuously up to very high levels. This 
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Figure 5.4: The comparison of the model results of yeast glycolysis obtained with the original model 
of Teusink et al. [301] (panel A-D) and the Van Eunen-2 model developed here (panel E-L; see text for 
model description). The data used in these simulations were from the non-starved cells of the glucose-
limited respirofermentative culture. The Vmax values were measured in either the in vivo-like assay medium 
(panel A-D and I-L) or in the assay medium optimized for each enzyme (panel E-H). The concentrations 
at time zero equal the measured intracellular concentrations. G6P: glucose 6-phosphate, F6P: fructose 
6-phosphate, F16BP: fructose 1,6-bisphosphate, 3PG: 3-phosphoglycerate, 2PG: 2-phosphoglycerate, PEP: 
phosphoenolpyruvate, PYR: pyruvate.



suggests that the lower part of glycolysis failed to keep up with the flux through the 
upper part of glycolysis (Figure 5.1). The result resembles the ‘turbo’ phenotype 
described earlier [300], which has been attributed to a lack of product inhibition 
of hexokinase and phosphofructokinase. In earlier studies, however, not only F16BP 
accumulated, but also G6P and F6P. The fact that we observed only accumulation of 
F16BP in the model simulation, suggests that the problem is due to the activity of 
PFK relative to that of the lower part of glycolysis. The calculated rate of PFK itself, 
however, was under three out of four conditions close to the measured rate. 

Table 5.7: Predictions from the Van Eunen-1 model of yeast glycolysis as described in the Material and 
Methods (section 5.2.4), compared to experimental data from Chapter 3.

D = 0.1 h-1

Non-starved

D = 0.1 h-1

4h N-starved

D = 0.35 h-1

Non-starved

D = 0.35 h-1

4h N-starved

Experiment Model Experiment Model Experiment Model Experiment Model

Flux

HXT-HXK 94 ± 4 No 

steady 

state

139 ± 10 97 120 ± 6 90 83 ± 4 74
PGI-ALD 82 ± 3 119 ± 5 101 99 ± 6 88 85 ± 4 78
GAPDH-ADH 147 ± 4 213 ± 11 177 177 ± 11 155 148 ± 9 135

Metabolites

G6P 3.8 ± 0.1

No 

steady 

state

4.2 ± 0.1 3.7 5.4 ± 0.2 1.9 4.4 ± 0.3 288
F6P 0.74 ± 0.01 0.80 ± 0.04 0.82 1.0 ± 0.0 0.4 0.78 ± 0.09 72
F16BP 12 ± 1 15 ± 0 2207 27 ± 2 27 16 ± 1 1038
3PG+2PG 0.78 ± 0.02 1.1 ± 0.0 21 1.2 ± 0.1 1.2 1.1 ± 0.0 9.0
PEP 0.10 ± 0.01 0.12 ± 0.00 3.0 0.11 ± 0.01 0.27 0.12 ± 0.00 1.26
PYR 2.8 ± 0.6 3.5 ± 0.3 7.8 5.3 ± 0.0 5.8 3.9 ± 0.3 12

Table 5.8: Predictions from the model including activation of PYK by F16BP (Van Eunen-2) compared to 
experimental data from Chapter 3. The activation of PYK is the only change compared to the model used 
for Table 5.7.

D = 0.1 h-1

Non-starved

D = 0.1 h-1

4h N-starved

D = 0.35 h-1

Non-starved

D = 0.35 h-1

4h N-starved

Experiment Model Experiment Model Experiment Model Experiment Model

Flux

HXT-HXK 94 ± 4 127 139 ± 10 97 120 ± 6 90 83 ± 4 74
PGI-ALD 82 ± 3 132 119 ± 5 101 99 ± 6 88 85 ± 4 78
GAPDH-ADH 147 ± 4 246 213 ± 11 177 177 ± 11 155 148 ± 9 135

Metabolites

G6P 3.8 ± 0.1 3.9 4.2 ± 0.1 3.7 5.4 ± 0.2 1.9 4.4 ± 0.3 288
F6P 0.74 ± 0.01 0.77 0.80 ± 0.04 0.82 1.0 ± 0.0 0.4 0.78 ± 0.09 72
F16BP 12 ± 1 5791 15 ± 0 1430 27 ± 2 27 16 ± 1 1014
3PG+2PG 0.78 ± 0.02 4.1 1.1 ± 0.0 2.0 1.2 ± 0.1 0.7 1.1 ± 0.0 1.9
PEP 0.10 ± 0.01 0.25 0.12 ± 0.00 0.12 0.11 ± 0.01 0.07 0.12 ± 0.00 0.11
PYR 2.8 ± 0.6 53 3.5 ± 0.3 7.8 5.3 ± 0.0 5.8 3.9 ± 0.3 12
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We then made the full set of adaptations to the model of Teusink et al. [301], as 
described in detail in the Material and Methods (section 5.2.4): (i) implementation of 
the in vivo-like Vmax values and the kinetics of glucose transport (which was already 
done for the above simulation), (ii) fixation of the branching fluxes to trehalose, 
glycerol and succinate, (iii) fixation of the concentrations of ATP, ADP and AMP, (iv) 
implementation of the inhibition of HXK by T6P and (v) adaptation of the Km of PDC to 
a value based on the phosphate concentration. With these alterations, a steady state 
was obtained under three of the four experimental conditions. Table 5.7 compares 
the outcome of this revised model (Van Eunen-1) to the experimental results. The 
model did not reach a steady state when implemented for the non-starved cells from 
the respiratory culture. The corresponding time simulation revealed accumulation 
of metabolites beyond their experimentally measured magnitudes in both the upper 
and lower part of glycolysis (data not shown). The modeled steady state of the non-
starved cells from the respirofermentative culture approximated the measurements 
most closely. The similarity pertained to fluxes as well as metabolites. For the 
other two conditions, the model fluxes resembled the measured fluxes. However, 
substantial differences were observed between modeled and measured metabolite 
concentrations. Especially the concentrations of the metabolites in the upper part 
of glycolysis were extremely high in the model calculations. In addition, some of 
the metabolites in the lower part of glycolysis were higher in the model than in the 
measurements.

In the Van Eunen-1 model the activation of PYK by F16BP was not implemented. 
Since this activation brought the calculated rate close to the measured rate of PYK 
(Figure 5.3C), we next replaced the original rate equation of PYK (Appendix A1.2 
Eq. 24a) by the rate equation including the activation of PYK by F16BP (Appendix 
A1.2 Eq. 24b). With this adaptation a steady state was modeled (by the model Van 
Eunen-2) under all four conditions (Table 5.8). Furthermore, the concentrations of 
3PG+2PG and PEP came closer to the experimental data.

Under three conditions the concentration of F16BP remained extremely high 
in the model simulations, while under one condition the hexose monophosphates 
accumulated as well. This suggests that the lower part of glycolysis can only keep 
up with the influx of glucose into the pathway when its substrate F16BP is high. 
To lower the influx into glycolysis we have tested two options: (i) lowering the Ki 
value of hexokinase for T6P and (ii) having hexose transport inhibited by glucose 
6-phosphate [107, 249].  Both options were added to the model Van Eunen-2, i.e. 
the model with the PYK activated by F16BP. In the ensuing model Van Eunen-3, in 
which the Ki of hexokinase for T6P was lowered to 0.04 mM [31], steady states were 
obtained for all four conditions (Table 5.9). The lower Ki value negatively affected 
the model results of the non-starved cells from the respirofermentative culture, 
while under the other three conditions the model moved in the direction of the 
experiments. However, F16BP still accumulated, albeit to a lesser extent. Moreover, 
most of the fluxes decreased substantially and were far below the fluxes measured 
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experimentally. 
Similar results were found when the hexose transporters were inhibited by 

glucose 6-phosphate (model Van Eunen-4). The inhibition of HXT by G6P had been 
assumed previously described by Rizzi et al. [249] and used in their glycolytic 
model [250]. In order to test its impact, we replaced (in the model Van Eunen-2) 
the original rate equation of HXT (Appendix A1.2 Eq. 13a) by the rate equation 
including the inhibition (Appendix A1.2 Eq. 13b). Table 5.10 shows that the model 

Table 5.9: Model results with a Ki value for inhibition of HXK by T6P of 0.04 mM (Van Eunen-3). The 
changed Ki value is the only difference between the model used for this table compared to that of Table 5.8.

D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved

Experiment Model Experiment Model Experiment Model Experiment Model

Flux

HXT-HXK 94 ± 4 84 139 ± 10 91 120 ± 6 54 83 ± 4 73
PGI-ALD 82 ± 3 87 119 ± 5 96 99 ± 6 52 85 ± 4 77
GAPDH-ADH 147 ± 4 158 213 ± 11 167 177 ± 11 82 148 ± 9 133

Metabolites

G6P 3.8 ± 0.1 2.0 4.2 ± 0.1 3.3 5.4 ± 0.2 1.0 4.4 ± 0.3 14
F6P 0.74 ± 0.01 0.45 0.80 ± 0.04 0.74 1.0 ± 0.0 0.24 0.78 ± 0.09 3.6
F16BP 12 ± 1 496 15 ± 0 961 27 ± 2 3.0 16 ± 1 936
3PG+2PG 0.78 ± 0.02 1.0 1.1 ± 0.0 1.6 1.2 ± 0.1 0.63 1.1 ± 0.0 1.8
PEP 0.10 ± 0.01 0.11 0.12 ± 0.00 0.11 0.11 ± 0.01 0.27 0.12 ± 0.00 0.10
PYR 2.8 ± 0.6 8.4 3.5 ± 0.3 7.2 5.3 ± 0.0 3.5 3.9 ± 0.3 12

Table 5.10: Model results after implementation of the inhibition of the hexose transporters by G6P 
(Van Eunen-4), compared to the experimental results. The inhibition of the hexose transporters was 
implemented in the model with PYK activated by F16BP and with a Ki value for inhibition of HXK by T6P 
of 0.2 mM. Compared to the model used for Table 5.8, the only difference is the inhibition of the hexose 
transporters by G6P.

D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved

Experiment Model Experiment Model Experiment Model Experiment Model

Flux

HXT-HXK 94 ± 4 63 139 ± 10 38 120 ± 6 53 83 ± 4 31
PGI-ALD 82 ± 3 67 119 ± 5 43 99 ± 6 50 85 ± 4 35
GAPDH-ADH 147 ± 4 116 213 ± 11 61 177 ± 11 78 148 ± 9 49

Metabolites

G6P 3.8 ± 0.1 1.5 4.2 ± 0.1 1.2 5.4 ± 0.2 0.93 4.4 ± 0.3 1.3
F6P 0.74 ± 0.01 0.35 0.80 ± 0.04 0.32 1.0 ± 0.0 0.23 0.78 ± 0.09 0.36
F16BP 12 ± 1 169 15 ± 0 23 27 ± 2 2.6 16 ± 1 28.9
3PG+2PG 0.78 ± 0.02 0.54 1.1 ± 0.0 0.24 1.2 ± 0.1 0.34 1.1 ± 0.0 0.30
PEP 0.10 ± 0.01 0.07 0.12 ± 0.00 0.03 0.11 ± 0.01 0.10 0.12 ± 0.00 0.03
PYR 2.8 ± 0.6 5.9 3.5 ± 0.3 3.1 5.3 ± 0.0 3.3 3.9 ± 0.3 3.9
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results of the non-starved cells from the respirofermentative culture were again 
affected negatively by the lowering of the influx. However, under the other three 
conditions the concentration of F16BP decreased more towards the physiological 
level. Unfortunately, in this model version the fluxes decreased even further below 
the experimental values.

Taken together, the results suggest that the imbalance between upper and 
lower glycolysis can not be solved by solely inhibiting upper glycolysis. In addition, 
activation of lower glycolysis is needed. Metabolic Control Analysis applied to the 
model (data not shown) revealed that the concentration of F16BP was most sensitive 
to the parameters of HXT, HXK and GAPDH. Therefore, we next attempted to fit the 
model to the experimental data by minimal and simultaneous adjustments to the 
kinetics of both hexokinase and GAPDH. This was done in the model version which 
already included the activation of PYK by F16BP (i.e. model Van Eunen-2). Since the 
model results of the non-starved cells from the respirofermentative culture fitted 
the experimental data well, we have taken the Km values of GAPDH measured under 
this condition for the other three conditions. To meet the Haldane relationship, the 
ratio of the reverse and forward V max’s was also taken from the respirofermentative 
culture. Only the measured reverse Vmax was taken from the dataset of the condition 
under study. The adjusted kinetic parameters for GAPDH are shown in Table 
5.11. To lower the influx of glycolysis we decreased the Ki value of hexokinase for 
T6P to that of hexokinase II (0.04 mM) [31] for the three conditions that needed 
adjustment. For the non-starved, respirofermentative cells the original Ki of 0.2 mM 
of hexokinase I was maintained. A condition-specific adjustment of the Ki value is not 
unreasonable, since the isoenzyme distribution of hexokinase I and II can change 
under different conditions. Due to some technical difficulties, we have not yet been 
able to characterize the inhibition of hexokinase by T6P under the four different 
conditions, experimentally.

Table 5.11: Kinetic parameters of GAPDH used for final model adjustment. For the results see Table 5.12.

Parameter D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved

V+
max,gapdh 2089.8 1514.3 1496 1449.9 mM.min-1

V-
max,gapdh 1210.7 877.3 866.7 840 mM.min-1

Km,GAP 0.39 0.39 0.39 0.39 mM

Km,NAD 2.85 2.85 2.85 2.85 mM

Km,NADH 0.007 0.007 0.007 0.007 mM

Km,BPG 0.51 0.51 0.51 0.51 mM

Keq,gapdh 0.0056 0.0056 0.0056 0.0056 Dimensionless; 
taken from [301]
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Table 5.12: Predictions from model version Van Eunen-5 including activation of PYK by F16BP with the 
adjusted GAPDH parameters (see text and Table 5.11) and with a Ki value for inhibition of HXK by T6P of 
0.04 mM for all conditions except for D = 0.35 h-1

, non-starved (the Ki value under this condition was 0.2 
mM).

D = 0.1 h-1

Non-starved
D = 0.1 h-1

4h N-starved
D = 0.35 h-1

Non-starved
D = 0.35 h-1

4h N-starved

Experiment Model Experiment Model Experiment Model Experiment Model

Flux

HXT-HXK 94 ± 4 84 139 ± 10 91 120 ± 6 90 83 ± 4 73
PGI-ALD 82 ± 3 88 119 ± 5 96 99 ± 6 88 85 ± 4 77
GAPDH-ADH 147 ± 4 158 213 ± 11 167 177 ± 11 155 148 ± 9 133

Metabolites

G6P 3.8 ± 0.1 1.8 4.2 ± 0.1 3.2 5.4 ± 0.2 1.9 4.4 ± 0.3 14
F6P 0.74 ± 0.01 0.39 0.80 ± 0.04 0.73 1.0 ± 0.0 0.4 0.78 ± 0.09 3.5
F16BP 12 ± 1 12 15 ± 0 55 27 ± 2 27 16 ± 1 20
3PG+2PG 0.78 ± 0.02 1.0 1.1 ± 0.0 1.6 1.2 ± 0.1 0.7 1.1 ± 0.0 1.8
PEP 0.10 ± 0.01 0.11 0.12 ± 0.00 0.11 0.11 ± 0.01 0.07 0.12 ± 0.00 0.10
PYR 2.8 ± 0.6 8.4 3.5 ± 0.3 7.2 5.3 ± 0.0 5.8 3.9 ± 0.3 12

The results of these minor adjustments to the model, leading to the model Van 
Eunen-5, are shown in Table 5.12. It is clear that the outcome of this model came 
much closer to the experimental data. There is hardly any accumulation of F16BP 
left, except for the 4 h N-starved cells from the respiratory culture. Under the 
latter condition the predicted flux is lower than the experimental flux. However, 
for the other conditions the fluxes of the model correspond reasonably well to the 
experimental data. 

5.3.4 The contribution of the in vivo-kinetics to the improved 
model results

We have tested what the contribution of the in vivo-kinetics was to the improvement 
of the model. To this end, we compared the performance of the model with the Vmax 
values measured with enzyme-optimized assays (Table 5.13) to that with the Vmax 
values measured under in vivo-like conditions (Table 5.1, column: D = 0.35 h-1 non-
starved). The model version used for this comparison was the one described in the 
Material and Methods (section 5.2.4) plus the activation of PYK by F16BP (i.e. Van 
Eunen-2), parameterized for the non-starved cells from the respirofermentative 
culture. This model version was selected, since it approximated the experiment most 
closely without any fitting. In the model version with the optimized Vmax values, also 
the GAPDH parameters were set back to their original values in the Teusink model 
[301]. Since the reverse Vmax of GAPDH was measured, the forward Vmax was scaled 
according to the original ratio of forward and reverse Vmax [301].

Figure 5.4E-H shows the simulation results with the Vmax data measured under 
enzyme-optimized assay conditions. A steady state was not even found and the 
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metabolites in the upper part of glycolysis accumulated (Figure 5.4 panels E and F).  
Figure 5.4I-L shows the corresponding simulation with the in vivo-like Vmax data 

and including the new (in vivo-like) parameters for GAPDH. Now a steady state was 
obtained as also reported above. The fluxes deviated only by some 20% between 
model and experiment (cf. Table 5.8 column: D = 0.35 h-1 non-starved) and the 
calculated metabolite concentrations were in the experimentally observed range.

Table 5.13: Kinetic parameters for the non-starved, respirofermentative cells (D = 0.35 h-1) measured 
under optimized assay conditions (data were taken from Chapter 3 and used for the simulations shown 
in Fig 5.4E-H). 

Parameter Optimal assay conditions
Vmax,hk 551.9 mM.min-1

Vmax,pgi 1141.3 mM.min-1

Vmax,pfk 98.4 mM.min-1

Vmax,ald 251.0 mM.min-1

V+
max,gapdh 197.3a mM.min-1

V-
max,gapdh 1101.0 mM.min-1

V-
max,pgk 1662.0 mM.min-1

Vmax,gpm 1502.7 mM.min-1

Vmax,eno 285.3 mM.min-1

Vmax,pyk 965.4 mM.min-1

Vmax,pdc 218.8 mM.min-1

V-
max,adh 437.6 mM.min-1

a Forward Vmax values of GAPDH were not measured but calculated with the Haldane relationship using the 
kinetic parameters from [301].

5.3.5 Simulation of the response to a glucose pulse

So far we have only tested steady-state conditions. A dynamic response, however, 
contains much more information. Experimental intracellular metabolite data are 
available for the dynamic response of S. cerevisiae to a glucose pulse [323, 340]. The 
starting conditions of the experiment are close to ours and therefore we used this 
dataset to compare to a dynamic simulation of the model. There are two differences 
between the experiment and the model simulation. First, in the experiment a 
transient glucose pulse was given and in the model the increase in glucose was 
sustained. However, over the time frame of the experiment the extracellular glucose 
concentration did not decrease which is then similar to our model simulations (see 
the two upper graphs in Figure 5.5). Secondly, the start condition of the experiment 
was a steady-state, glucose-limited chemostat at a dilution rate of 0.05 h-1 while 
the simulation was based on the Vmax data obtained at 0.1 h-1. The model version of 
the non-starved respiratory cells, including activation of PYK by F16BP (cf. Table 
5.8), was used (i.e. Van Eunen-2), with a few modifications to meet the specific 
experimental setting. The residual extracellular glucose concentration in such a 
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yeast culture is approximately 0.2 mM [52]. Starting from a steady state at 0.2 mM 
glucose, we simulated an upshift to 5 mM glucose at time zero. The intracellular ATP, 
ADP and AMP [279] and T6P [52] measured under similar conditions were also 
implemented in the model. Since the ATP concentration was fixed in our model and 
experimental results showed a strong decrease in ATP directly after the glucose pulse 
[323, 340], we have decreased the ATP concentration by 50% at the onset of the 
glucose upshift, maintaining it constant thereafter. Since there was no data available 
for the intracellular concentration of F26BP, we used 0.01 mM, as measured at a 
dilution rate of 0.1 h-1. Since the enzyme kinetics of GAPDH were not measured in this 
condition and based on the results discussed in paragraph 5.3.3, we used the kinetics 
for GAPDH for the non-starved cells from the respiratory culture as mentioned in 
Table 5.11. A list of parameters values used is given in Table 5.14.
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Figure 5.5: Simulation of a sudden upshift of the extracellular glucose concentration starting from a 
steady-state, aerobic, glucose-limited chemostat culture at a dilution rate of 0.1 h-1. The ATP concentration 
was decreased by 50% at the onset of the glucose upshift, maintaining it constant thereafter. The column 
on the far left shows the computer simulation, the other two columns show the experimental results 
(Figures taken from [323]). For details of the simulation, see text.



The dynamics of the model simulation mimicked the experiment surprisingly well 
(Figure 5.5) [323]. The upshift of the glucose concentration caused an increase of the 
concentrations of G6P, F6P, F16BP and PYR, while the concentration of 3PG+2PG and 
PEP decreased. In contrast to the model of Rizzi et al. [250], it was not necessary to 
use the inhibition of the glucose transporter by G6P in our model.

Table 5.14: Parameters used in the simulation of the sudden increase of the extracellular glucose 
concentration.

Parameter Aerobic glucose-limited chemostat (D = 0.1 h-1)
Enzyme kinetics
Vmax,glt 160 mM.min-1

Km,glt,GLC 1 mM
Vmax,hk 213 mM.min-1

Ki,hk,T6P 0.2 mM
Vmax,pgi 787 mM.min-1

Vmax,pfk 213 mM.min-1

Vmax,ald 310 mM.min-1

V+
max,gapdh 1496 mM.min-1

V-
max,gapdh 867 mM.min-1

Km,GAP 0.39 mM
Km,NAD 2.85 mM
Km,NADH 0.007 mM
Km,BPG 0.51 mM
Keq,gapdh 0.0056 Taken from [301]
V-

max,pgk 2512 mM.min-1

Vmax,gpm 2422 mM.min-1

Vmax,eno 357.3 mM.min-1

Vmax,pyk 820 mM.min-1

Vmax,pdc 395 mM.min-1

V-
max,adh 932 mM.min-1

Regulators
ATP 3 mM
ADP 1 mM
AMP 0.3 mM
T6P 0.2 mM

5.4 Discussion

In this chapter, I have integrated the gene-expression and metabolic regulation 
observed during nitrogen starvation of baker’s yeast, into a computer model 
of glycolysis. The model was based on that of Teusink et al. [301], but further 
measurements and some literature study improved the model substantially. The 
most important changes made to the model were (i) using Vmax values measured 
under in vivo-like conditions as input, (ii) the inhibition of hexokinase by T6P (iii) 
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redetermination of the kinetic parameters of GAPDH under in vivo-like conditions 
and (iv) the activation of PYK by F16BP. The model reached a steady state for all four 
conditions tested. In the case of the non-starved respirofermentative cells, the model 
results resembled the experiments most closely. Moreover, the Van Eunen-2 model 
described the dynamic response upon a glucose upshift surprisingly accurately.

In this study I have decided to fix the ATP, ADP and AMP concentrations, since 
information about the kinetics of ATP utilization was lacking. Instead of variable 
and mutually dependent ATP, ADP and AMP concentrations, I inserted the measured 
concentration as fixed parameters. This choice made the model only applicable for 
steady-state modeling and not for studying dynamic phenomena, such as oscillations. 
In general I see this as a disadvantage. For the purpose of this study, however, it 
seemed the best option. I was primarily interested in the in vivo regulation of the 
glycolytic enzymes. ATP utilization consists of many processes of which the kinetics 
are not or hardly known. Morever, it has become clear that the sum of ATP, ADP and 
AMP is not constant during the short-term dynamics of glycolysis [326]. Modeling 
ATP metabolism properly would have been a study in itself and distract from the aim 
of this work. Future modeling of the dynamics of glycolysis, however, should involve 
ATP metabolism explicitly. A pragmatic solution to deal with its complexity might be 
to fit simplified kinetics to the branches of ATP utilization and nucleotide metabolism, 
thus generating hybrid models in which different levels of detail are combined [45]. 
The same arguments apply to the fixation of the fluxes to other side branches at their 
measured values. 

To our knowledge there are only a few applications [3, 237, 244] of the Teusink 
model to experimental conditions different from those studied by Teusink et al. [301]. 
This is not surprising, in view of the tendency of the original model to accumulate 
hexose phosphates. We could show that the combination of Vmax values and the 
kinetic parameters of GAPDH measured under in vivo-like conditions improved the 
model most substantially, because only then we achieved steady states and got rid 
of the accumulation of F16BP under at least one of the conditions (see Figure 5.4). 
However, the other adaptations, i.e. inhibition of HXK by T6P and the activation 
of PYK by F16BP, were also necessary. In our best non-fitted model version (Van 
Eunen-2), the excessively high concentration of F16BP was most sensitive to changes 
in the parameters of the HXT, HXK and GAPDH reactions. Indeed minor adjustments 
to these reactions would be sufficient to suppress the accumulation of F16BP. Since 
most affinity constants were still obtained from optimized kinetic assays, further 
improvements may be expected from a complete redetermination of the parameters 
under in vivo-like conditions.
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Appendix Chapter 5

A1 Equations

A1.1 Ordinary differential equations

A1.2 Rate equations
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A2 Parameters

Table A2.1: Fixed parameters in all four conditions. Values were taken from [301].

Parameter Value Parameter Value
Keq,glt 1 Km,pgk,BPG 0.003 mM
Ki1,glt,G6C 1.76 mMa Km,pgk,3PG 0.53 mM
Ki2,glt,G6C 7.5 mMa Km,pgk,ADP 0.2 mM
P 0.91 Km,pgk,ATP 0.3 mM
Km,hk,GLCi 0.08 mM Keq,pgk 3800
Km,hk,G6P 30 mM Km,gpm,3PG 1.2 mM
Km,hk,ATP 0.15 mM Km,gpm,2PG 0.08 mM
Km,hk,ADP 0.23 mM Keq,gpm 0.19
Ki,hk,T6P 0.2 mM Km,eno,2PG 0.04 mM
Keq,hk 3800 Km,eno,PEP 0.5 mM
Km,pgi,G6P 1.4 mM Keq,eno 6.7
Km,pgi,F6P 0.3 mM Km,pyk,PEP 0.14b / 0.19c mM
Keq,pgi 0.314 Km,pyk,PYR 21b mM
gRPFK 5.12 Km,pyk,ADP 0.53b / 0.3c mM
L0,PFK 0.66 Km,pyk,ATP 1.5b / 9.3c mM
Km,pfk,F6P 0.1 mM Keq,pyk 6500c

Km,pfk,ATP 0.71 mM N10,pyk 4c

Cpfk,ATP 3 L0,pyk 60000c

Ci,pfk,ATP 100 Km,pyk,F16P 0.2c mM
Ci,pfk,AMP 0.0845 Km,pdc,PYR 6.36 mM
Ci,pfk,F16P 0.397 NHPDC 1.9
Ci,pfk,F26P 0.0174 Km,adh,ACALD 1.11 mM
Kpfk,ATP 0.65 mM Km,adh,ETOH 17 mM
Kpfk,AMP 0.0995 mM Km,adh,NADH 0.11 mM
Kpfk,F16P 0.111 mM Km,adh,NAD 0.17 mM
Kpfk,F26P 0.000682 mM Ki,adh,ACALD 1.1 mM
Km,ald,F16P 0.3 mM Ki,adh,ETOH 90 mM
Km,ald,GAP 2 mM Ki,adh,NADH 0.031 mM
Km,ald,DHAP 2.4 mM Ki,adh,NAD 0.92 mM
Keq,ald 0.069 Keq,adh 6.9 x 10-5

Keq,tpi 0.045 Kace 0.5
a These values were taken from [250];
b These values were used in equation 24a and taken from [301].
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Table A2.2: Concentrations of metabolites fixed in all four conditions.

Metabolite Concentration
(mM)

GLCo 50
ETOH 25
NADt 1.59

Table A2.3: Initial metabolite concentrations in mM used in the glycolytic model

Metabolite D = 0.1 h-1

Non-starved

D = 0.1 h-1

4h N-starved

D = 0.35 h-1

Non-starved

D = 0.1 h-1

4h N-starved
GLCi0 * 0.10 0.10 0.10 0.10
G6P0 3.80 4.22 5.38 4.45
F6P0 0.74 0.80 1.01 0.78
F16P0 11.80 14.63 27.03 16.39
TRIO0 * 1.00 1.00 1.00 1.00
BPG0 * 1.00 x 10-5 1.00 x 10-5 1.00 x 10-5 1.00 x 10-5

3PG0 0.69 0.96 1.09 1.00
2PG0 0.09 0.13 0.15 0.13
PEP0 0.10 0.12 0.11 0.12
PYR0 2.76 3.48 5.32 3.90
ACALD0 * 0.04 0.04 0.04 0.04
NADH0 * 0.29 0.29 0.29 0.29

* These metabolites were not measured and thus we used the initial concentrations in the model of 
Teusink et al. [301].
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Regulation by protein degradation: measuring 
protein turnover rates in standardized cultures

Chapter 6

Abstract 

A method was developed to measure protein turnover rates in standardized 
yeast cultures. The method is based on that of Pratt et al. [234] who pulse-chased 
a strain auxotrophic for an amino acid with a stable-isotope version of that amino 
acid (SILAC) [26]. In the mean time the yeast Systems Biology field has reached a 
consensus about the use of prototrophic strains and minimal medium containing 
ammonium as the sole nitrogen source, and therefore this SILAC method could not 
be applied directly. Instead, the prototrophic yeast strain CEN.PK113-7D was grown 
on 15N-labeled ammonium sulfate. Aerobic glucose-limited chemostat cultures were 
kept at either 30 °C or 38 °C. After a switch to unlabeled medium, the loss of label in 
specific proteins was monitored by a novel gel-free method.  

The use of 15N-ammonium sulfate instead of labeled amino acids affected the label 
fluxes dramatically. When interpreted through a computer model of the label fluxes, 
our experimental data revealed that – in the ammonium cultures – the recycling of 
labeled amino acid retarded the loss of label from specific proteins. This precludes 
the estimation of protein turnover rates by the existing pulse-chase method alone. 
Based on the model we show that only by additional measurement of the degree 
of labeling of the intracellular amino-acid pool, we can in principle determine the 
protein turnover rates. 





6.1 Introduction

The importance of posttranscriptional regulation has been established firmly 
during the past decade through quantitative measurements and subsequent 
Regulation Analysis [7, 8, 76, 81, 118, 121, 125] (see also Chapters 2 and 3). In 
principle, posttranscriptional regulation may take place in all processes in the gene-
expression cascade downstream of transcription, i.e. including mRNA processing 
and transport, the stability and active degradation of mRNA and protein, translation, 
posttranslational modification and the effects of metabolites on enzymic rates 
[137, 150, 165, 184, 209, 336]. So far, however, a complete quantitative dissection 
of regulation at all these levels under a single physiological perturbation is lacking; 
regulation was grouped into three main categories, i.e. metabolic, protein level, and 
mRNA level [76]. Upon a switch of Saccharomyces cerevisiae from aerobic to anaerobic 
conditions the regulation of protein synthesis and degradation together contributed 
for 75-100% to the total gene-expression regulation [76]. 

Because quantitative measurements of macromolecule turnover rates are 
tedious, this regulation at the protein level has not yet been dissected into the relative 
contributions of protein synthesis and degradation. Only indirect information is 
available. In aerobic chemostat cultures, proteins have been shown to be relatively 
stable. The overall turnover rate was only about 20% of the synthesis rate [192, 234], 
suggesting that regulation would have minor effects. Under stresses such as nutrient 
starvation or high temperatures, however, protein turnover might play a more 
important role in the regulation of protein levels [76, 171, 247], e.g. via autophagy 
[60, 297]. In addition, the proteasome-mediated degradation of defined target 
proteins plays an important role in regulation of various essential pathways of the 
yeast cell, such as the cell division cycle and apoptotic cell death [137].

The proteome is generally seen as more informative about biological function 
than the transcriptome, since proteins can be considered as the ‘effectors’ of cellular 
functions [10]. Proteomics techniques have come about rapidly over the past years 
[10, 18, 27, 32, 54, 89, 117, 179, 192, 224, 256, 350]. Classical proteomics compares 
levels of individual proteins in two different conditions, while recent developments 
based on addition of isotopically labeled internal peptide standards have made 
quantitative measurements of any specific protein of known sequence possible [112, 
235]. 

The next challenge is to measure the dynamics of the proteome. In the past, 
turnover rates were measured for a limited group of proteins, or even for single 
proteins, by methods mainly based on pulse-chase experiments with radioactive 
label such as [35S]-methionine. To determine protein turnover of various proteins 
in Escherichia coli a [35S]-methionine and [3H]-leucine double pulse-chase labeling 
was carried out in combination with 2-D gel electrophoresis [202]. Pratt et al. 
[234] developed a pulse-chase method based on stable-isotope labeling by amino 
acids in cell culture (SILAC) [26]. Proteins were labeled by the addition of dl-[2H10] 
leucine to the culture of a strain that was auxotrophic for leucine, which was then 
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chased with unlabeled l-leucine. Subsequently proteins were separated by 2-D gel 
electrophoresis, digested by trypsin, and the loss of labeled leucine in the tryptic 
peptides was analyzed as a function of time by mass spectrometry [234]. The choice 
of labeled leucine and a leucine auxotroph is very attractive. The label enrichment of 
the precursor (intracellular leucine) could be rapidly shifted from close to 100 to 0 
percent.  

For our studies, however, we wish to cultivate yeast under standardized conditions 
as outlined in Chapter 1. In the yeast Systems Biology community there is consensus 
about the use of prototrophic strains and minimal medium containing ammonium 
as the sole nitrogen source ([29, 49, 229, 296, 311, 315], Chapter 4 of this thesis). 
This implies that the SILAC method developed by Pratt et al. [234] cannot be directly 
applied. First, the supply of a stable-isotope label in an amino acid necessitates the 
use of a yeast strain that is auxotrophic for the amino acid used, since the general-
amino-acid permease is strongly inhibited by ammonium and thus the yeast cell will 
only transport the amino acid when necessary [120, 289, 290]. The use of auxotrophic 
strains easily leads to artefacts in physiological studies [238]. In addition, the SILAC 
method precludes the use of ammonium as the sole nitrogen source. From an 
analytical point of view this approach is also hampered by the known limitations of 
2-D gel electrophoresis, such as (i) under-representation of membrane proteins and 
of basic and acidic proteins, (ii) limited dynamic range, (iii) co-migration of proteins 
and (iv) restriction to proteome sizes of a few thousand proteins. Furthermore, 2-D 
gel electrophoresis is time consuming for large sample series and it is desirable to 
develop a high-throughput method in order to be able to measure protein-turnover 
rates on a genome-wide scale.

In this chapter we develop a gel-free method to measure protein turnover in 
cultures growing on ammonium, instead of on amino acids. The method is based 
on an accurate mass and time tag LC-FTMS analysis developed by Aardema et al. 
(submitted). Identification of proteins is realized by matching the mass spectrometric 
data with a library of unique tryptic peptides with the masses of “light” 14N and 
“heavy’ 15N labeled peptides and their corresponding LC retention times. The 
retention properties of the peptides are acquired in a reference LC-FTMS analysis of 
the tryptic digest of each target protein. Quantification of the proteins is realized by 
measuring and averaging the 14N/15N peptide ratios of the identified peptides. This 
technique avoids elaborate 2-D gel electrophoresis and hence renders the method 
more suitable for accurate and precise high-throughput measurements. To avoid the 
use of auxotrophic strains and amino acids in the medium, the cells were labeled 
by growth on 15N ammonium sulfate. The method was tested on yeast grown in 
an aerobic glucose-limited chemostat culture at 30 °C and 38 °C. We hypothesized 
that the protein turnover rates would be higher at 38 °C than at 30 °C, since at high 
temperatures yeast stimulates its protein degradation by the ubiquitin-proteasome 
system [193, 247]. 
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6.2 Material and Methods

6.2.1 Yeast strain and growth conditions

The haploid, prototrophic Saccharomyces cerevisiae strain CEN.PK113-7D 
(MATa, MAL2-8c, SUC2, obtained from P. Kötter, Frankfurt, Germany) was cultivated 
in an aerobic glucose-limited chemostat at a dilution rate of 0.1 h-1 in a laboratory 
fermentor (Applikon, Schiedam, the Netherlands). The culture volume was kept at 
0.5 liter by an effluent pump coupled to a level sensor. Yeast cells were grown at 
either 30 °C or 38 °C. The stirring speed was 800 rpm. The pH was kept at 5.0 ± 0.1 by 
an ADI 1010 controller, by automatic addition of aliquots of 2 M KOH. The fermentor 
was aerated by flushing with air at a flow rate of 15 l·h-1. Chemostat cultures were 
fed with defined mineral medium [320] containing 42 mM glucose and 37.8 mM of 
15N-labeled ammonium sulfate ((NH4)2SO4 at an isotope enrichment > 99%, Spectra 
Stable Isotopes) as the sole nitrogen source. After at least 5 volume changes, 25 gram 
of unlabeled ammonium sulfate was added to the fermentor (so as to yield a final 
concentration 378 mM of (NH4)2SO4) and the incoming medium was changed to the 
same as before except for substituting unlabeled (14N) ammonium sulfate (again at 
37.8 mM) for the labeled ammonium sulfate. Samples were taken just before the 
medium was switched from 15N to 14N, and at 4, 12, 15, 18, 21, 24, 36 and 50 hours 
thereafter. At each time point 5-10 mg dry weight of biomass was collected in an 
ice-cold tube containing the protein synthesis inhibitor cycloheximide at a final 
concentration of 0.10 g.l-1. Cells were centrifuged for 1 minute at 14000 rpm and 
4 °C, and pellets were washed twice with ice-cold demineralized water. Cell pellets 
were snap-frozen in liquid nitrogen and stored at -80 °C.

6.2.2 Metabolite and mRNA analysis

The total (intracellular plus extracellular) concentrations of ethanol, glucose, 
glycerol, succinate, pyruvate, acetate, and trehalose were measured by HPLC analysis 
(300 mm x 7.8 mm ion exchange column Aminex-HPX 87H (Bio-Rad) kept at 55 °C, 
with 22.5 mM H2SO4 as eluent at a flow rate of 0.5 ml.min-1) as described in Chapter 
2 of this thesis.  

Transcript levels were measured by quantitative PCR (qPCR) as described 
previously in Chapter 2 of this thesis.

6.2.3 Mass Spectrometry

Protein labeling patterns were analyzed by mass spectrometry according to a 
newly developed methodology (Aardema et al., submitted). After thawing cell pellet, 
glass beads (with a diameter of 50 µm) were added, followed by 1 µl of protease 
inhibitor cocktail (Sigma P8215, contains 4-(2-aminoethyl)benzenesulfonyl fluoride 
(AEBSF), pepstatin A, E-64, and 1,10-phenanthroline). Breakage of the cells was 
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achieved by using the Fastprep® (MP Biomedicals, Irvine, USA) (speed = 4, time = 
20s, 3 times with cooling on ice) as checked visually with the microscope. The glass 
beads were washed 3 times with 500 µl 50 mM TRIS-HCl, pH of 7 and centrifuged at 
3000 g for 5 minutes.  The three supernatants were combined, transferred to a new 
2 ml vial and centrifuged at 140000 g for 15 minutes. The collected supernatant was 
lyophilized over night. The lyophilized proteins were dissolved in 8 M urea, 0.1% 
SDS, 10 mM DTT and incubated at 56 °C for 1h. Subsequently, the samples were 
allowed to cool down to room temperature and iodoacetic acid (IAA) was added to 
give a final concentration of 50 mM. The samples were incubated for half an hour 
in the dark. Denaturing, reduction and alkylation reagent were removed by buffer 
exchanges against 50 mM NH5CO3 using 5 kDa dialysis tubing at 4 °C.

Protein concentrations were determined by a spectrophotometer at wavelength 
of 562 nm using a bicinchonicic acid assay (Pierce) with bovine serum albumin as 
a standard, according to the manufacturer’s protocol. Trypsin gold (Promega) was 
added to the samples to a final 1:50 mass/mass ratio (trypsin:sample). The samples 
were incubated for 16 hours at 37 °C. The tryptic digest mixtures were desalted using 
20 µl of Toptip HILIC (Glycen, Columbia, USA). The peptides were eluted using 0.1% 
trifluoracidic acid (TFA) to yield a final protein concentration of 5 g·l-1. 

LC-FTMS data was acquired using an ApexQ Fourier transform ion cyclotron 
resonance mass spectrometer (Bruker Daltonic, Bremen, Germany) equiped with a 
7T magnet and a CombiSource™ coupled to an Ultimate 3000 (Dionex, Amsterdam, 
the Netherlands) with a 200 µm ID, 150 mm monolithic reverse phase column (Onyx 
C18, Phenomenex, Torrance, USA). Following a 3 µl (15 µg of peptides) injection of 
the analyte, a linear gradient was applied in 140 min from 0.1% formic acid (FA), 
100% H2O to 0.1% FA, 40% acetonitrile (ACN) and 60% H2O with a flow rate of 
2 µl·min-1. The data was processed using the Data Analysis 3.4 software program 
(Bruker Daltonic, Bremen, Germany). Retention times and masses were defined by 
the apex of each peak in the chromatographic profile.

For the 50 h time point an MS/MS experiment was carried out and the data were 
analyzed using the MASCOT search algorithm (http://www.matrixscience.com). So-
called ‘target’ peptides were identified, as peptides with a sequence that is unique in 
the genome of S. cerevisiae strain S288c and that could therefore be used to identify 
a yeast protein. For all these target peptides the retention time was determined. In 
the LC-FTMS experiments, the combination of retention time, accurate mass and the 
difference in mass between heavy and light version eluting at the same retention 
time, were unique for each target peptide. For each protein of interest we aimed to 
use at least 3 target peptides.

For each target peptide, the intensities of all isotopologues were summed, using 
all the charge states of the peptide, generating a list of monoisotopic masses with 
corresponding abundances per spectrum. Summation of the isotopologues was done 
by hand, using all the charge states of the peptide. The abundance of the light and 
heavy target peptide was integrated over the chromatogram profile. For each 14N/15N 
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peptide pair the isotope abundance ratio was determined.

6.2.4 Data analysis

The first data analysis was done according to Pratt et al. [234]. Briefly, the relative 
isotope abundance at a certain time point (RIAt) was calculated from the summed 
peak intensities of the ‘heavy’ and ‘light’ peptides (AH and AL, respectively) according 
to the following equation:

Pratt et al. [234] calculated the RIA using the abundance of the monoisotopic peak, 
as they do not observe intermediate isotopologues. In our setup however, there are 
many isotopologues of the light peptides, which vary in relative abundance between 
peptides and time points, therefore the abundance of the monoisotopic peak does 
not reflect the abundance of the peptide ions (Figure 6.4). To obtain a correct value 
of peptide abundance, all isotopologues of light peptides were summed. 

Figure 6.1 shows the model, which was implicitly used by Pratt et al. [234]. 
The replacing of the heavy peptides by the light peptides is a consequence of three 
processes. New synthesis of 14N protein is compensated by the loss of 15N protein by 
the dilution of the chemostat and by the loss of 15N protein by intracellular protein 
degradation (the latter two processes lead together to the kloss, below). As a result, the 
value of RIAt will change as an exponential function of time according to the equation:

RIA0 is the relative isotope abundance before the switch to unlabeled 14N medium. 
The curve of Eq. 6.2 was fitted to the t and RIAt data to obtain the kloss. 

The kloss for a single time point was calculated using the determined RIAt for that 
single time point and by converting the Eq. 6.2 as follows:

In the final calculations we used the relative isotope abundance at time point 4 h 
as start point instead of time point 0 (so we used RIA4h instead of RIA0 in Eq. 6.3, 
see Results section 6.3.4). Finally, the rate of protein degradation (kdeg) could then 
be calculated by subtracting the dilution rate, which was in our experiments 0.1 h-1, 
from the kloss.

6.2.5 Model description

In order to further interpret the results, we have developed a computer model that 
differs from the one used by Pratt et al. [234] in that it makes explicit that degradation 
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of labeled protein leads to labeled amino acids that might be reincorporated into 
newly synthesized proteins. Consequently, label may recycle in the system and this 
might lead to an overestimation of protein stability if it is not taken into account 
properly.

Our model describes the loss of stable isotope label from any specific protein, 
from the amino acid pool as well as from the bulk protein pool. It also allows for 
recycling and for dilution of label due to efflux of cells from the chemostat. Figure 6.2 
illustrates the model. The left-hand panel shows the total fluxes of ammonium (N), 
amino acids (A), specific protein of interest (S) and bulk protein (P). The right-hand 
panel shows the fluxes of labeled compounds after the culture has been shifted to 
unlabeled ammonium sulfate.  

The change in the amount of labeled specific protein and the amino acid pool are 
described by the following ordinary differential equations:

in which n is the amount of labeled ammonium, a is the amount of labeled amino acid, 
s is the amount of labeled specific protein, p is the amount of labeled bulk protein, N 
is the total amount of ammonium, A is the total amino acid pool, S is the total amount 
of specific protein, P is the total amount of bulk protein, and D is the dilution rate 
of the chemostat, which equals the specific growth rate of the culture. The rates vi 
correspond to the reactions in Figure 6.2.

In the following we will assume that after the switch the total ammonium pool 
(N) is instantaneously replaced by unlabeled ammonium (in reality this is only true 
to 90%) and remains essentially unlabeled thereafter. Thus, the amount of labeled 
ammonium (n) equals 0 after the switch and we do not need a differential equation 
for n. Moreover, the differential equation for amino-acid labeling (Eq. 6.4) then 
reduces to:

Although the assumption of infinite dilution of any label fluxing back to ammonium 
is quite strong, we make this on the basis of the assumption that intracellular and 
extracellular ammonium constitute a single pool and the amount of extracellular 
ammonium vastly exceeds the intracellular amount. 

In the simulations we will further assume that the addition of unlabeled 
ammonium does not affect the steady state of the total concentrations N, A, S and 
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P (i.e. labeled plus unlabeled, left-hand panel of Figure 6.2). Therefore, the rates vi 
depend on each other, according to the steady state condition that:

To further simplify the equations, we defined the parameters qa = v1/ (D·(A+S+P)); 
and qs = v2/(D·S); and qp = v4 /(D·P). These parameters represent for A, S and P, 
respectively, their synthesis divided by their dilution from the chemostat. Note that 
in the case of A the direct dilution as well as that via S and P is included. At steady 
state, these parameters equal: qa =  1 + v-1/(D·(A + S + P)); and qs = 1 + v3/(D·S) ≡ 1 + 
kd,S/D; and qp = 1 + v5/(D·P) ≡ 1 + kd,P/D. Here kd.S represents the intrinsic degradation 
rate constant of specific protein S and kd.P that of bulk protein P. The steady-state 
rates vi can all be expressed as a function of qa, qs, qp, D, A, S and P:

Inserting expressions 6.11 through 6.16 for the rates into differential Eqs. 6.5 through 
6.7, we obtained three differential equations for the three unknown amounts of 
labeled substances, i.e. amino acid (a), specific protein (s) and total protein (p).  The 
dynamics of the amounts of labeled amino acid, specific protein and bulk protein 
were then calculated by numerical integration of these equations in Mathematica 
7, as a function of the parameters qa, qs, qp, D, A, S and P, all of which we assumed to 
be constant because of the paradigm that we only changed isotope, not biochemical 
conditions (but see below). We performed the calculations for various magnitudes of 
the unknown recycling parameters qa, qs and qp.
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6.3 Results

6.3.1 Growth conditions

S. cerevisiae was grown in an aerobic glucose-limited chemostat culture at a 
specific growth rate of 0.1 h-1 at either 30 °C or 38 °C. The yeast cells were grown 
in medium containing 15N-ammonium sulfate (37.8 mM, thus 75.6 mM nitrogen) 
until steady state had been reached (i.e. for at least 50 hours). We have chosen for 
continuous cultures, since the cells should then maintain a constant steady state, in 
which their specific protein levels should stay constant during the whole experiment. 
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Figure 6.1: Illustration of the non-recycling model, on which Pratt et al. [234] may have based the 
calculations of the relative isotope abundance (RIA). The left-hand panel defines the fluxes of total 
extracellular leucine (Le), intracellular leucine (Li), and specific protein of interest (S). The right-hand 
panel shows the corresponding fluxes for the fraction of labeled compounds after the switch to growth 
on unlabeled ammonium assuming that the fraction of amino acids that was labeled was zero directly 
after the switch. The RIA for protein S is equal to the labeled specific protein divided by the total specific 
protein (s/S). In this model kloss equals D + v3/S. Key is that protein breakdown products do not enter the 
total amino acid pool A.

Figure 6.2: Illustration of our computer model for the dynamics of labeled and unlabeled substrate 
after instantaneous substitution of unlabeled ammonium for all labeled ammonium. The left-hand panel 
defines the fluxes of total ammonium (N), amino acids (A), specific protein of interest (S) and bulk protein 
(P), while the right-hand panel shows the corresponding fluxes for the labeled compounds after the switch 
to growth on unlabeled ammonium. In the calculations the parameters qa, qs and qp defined the degree of 
recycling of amino acids A, specific protein S and bulk protein P, respectively: qa =  1 + v-1/(D·(A + S + P)); 
and qs = 1 + v3/(D·S); and qp = 1 + v5/(D·P). Key is that in our model breakdown products of proteins do 
enter the total amino acid pool A. For a more elaborate discussion of the model, see Material and Methods 
section 6.2.5.



A comparison of growth at 30 °C (optimal growth temperature for this organism 
[15]) to that at 38 °C was made. The steady-state physiological characteristics of 
both cultures are given in Table 6.1. They are similar to those observed in earlier 
studies [232, 295]. The culture grown at 30 °C exhibited a fully respiratory growth, 
i.e. the respiratory quotient (RQ) was close to 1 while no fermentation products were 
observed. The cells grown at 38 °C exhibited a respirofermentative growth, as can be 
seen from the RQ of 4 and the substantial production of ethanol.

Table 6.1: Steady-state physiological characteristics of the aerobic glucose-limited chemostat cultures 
grown at either 30 °C or 38 °C at a growth rate of 0.1 h-1. Errors represent SEM

Temperature qO2
a qCO2

b RQc qglucose
a qethanol

b
Dry weight

 (g.l-1)

30 °C 2.8 ± 0.0 3.0 ± 0.1 1.1 ± 0.0 1.2 ± 0.0 0.0 ± 0.0 3.7 ± 0.1

38 °C 2.5 ± 0.3 10.1 ± 1.3 4.2 ± 0.1 5.9 ± 0.3 7.5 ± 0.7 0.7 ± 0.1

a mmol consumed per gram biomass per hour;
b mmol produced per gram biomass per hour;
c respiratory quotients defined as qCO2/qO2.

6.3.2 Effect of the switch to unlabeled ammonium sulfate

After steady state had been reached, the incoming 15N growth medium was 
switched to a medium that was identical except that 37.8 mM labeled 15N-ammonium 
sulfate had been substituted for the 37.8 mM of unlabeled 14N-ammonium sulfate. 
Since the set-up was not an ammonium-limited chemostat, the residual ammonium 
in the chemostat was relatively high (around 55 mM; A.B. Canelas personal 
communication). Therefore, the medium switch did not result in an instantaneous 
exchange of all 15N ammonium in the chemostat with 14N ammonium. Because we 
aimed at studying the cells under conditions of carbon limitation, we were bound 
to have an excess amount of ammonium in the chemostat. To dilute the labeled 
ammonium, an extra amount of unlabeled ammonium sulfate was added directly to 
the chemostat culture so as to give a final concentration of 756 mM ammonium at 
the same time as we changed the growth medium to unlabeled growth medium. The 
fraction of 15N-labeled ammonium in the fermentor after the switch and the extra 
addition was less than 7%. 

In order to examine whether this extra addition of ammonium sulfate affected the 
steady-state growth of the yeast some further tests were done. The pH and off-gas 
were monitored continuously across the switch and the extra addition of ammonium 
sulfate. The off-gas was not affected (data not shown). The pH was controlled by 
the automatic addition of KOH and was observed to be constant. Monitoring the 
addition of KOH during the switch showed that there was hardly any extra addition 
of KOH necessary to keep the pH at 5.0 (data not shown). The total protein content 
(indicator of biomass) was determined at all time points of sampling and did not 
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show significant changes (data not shown). However, the total glycerol concentration 
(intracellular and extracellular) in the chemostat increased transiently after the 
switch (Table 6.2), suggesting that the cells sensed an osmotic shock in the first 
hours after the increase in the ammonium sulfate concentration [143]. This was also 
suggested by increased mRNA levels of genes known to be involved in the recovery 
from an osmotic shock, i.e. STL1, GPD1 and GPP2, at 30 °C as well as 38 °C (Figure 
6.3). The cells grown at 30 °C seemed to recover from the shock within 24 hours, 
as the glycerol concentration in the chemostat was then back to its basal level. In 
the culture at the higher temperature, the glycerol concentration remained strongly 
elevated for much longer. 

Table 6.2: Total (intra- plus extracellular) concentrations of glycerol in the cell culture before, and after 
the switch to growth medium with unlabeled ammonia. Errors represent SEM.

Time point

Glycerol 

(mmol per litre cell culture)

30 °C 38 °C

Before switch 0.14 ± 0.04 0.20 ± 0.05

0 h 0.12 ± 0.02 0.32 ± 0.08

4 h 1.24 1.44 ± 0.13

24 h 0.13 ± 0.03 2.98 ± 0.06

50 h 0.08 ± 0.05 2.92 ± 0.14
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Figure 6.3: Transcript levels of the genes sensitive to osmotic stress as a function of time after the mass 
exchange. Closed symbols: 30 °C experiment, open symbols: 38 °C experiment. Squares: STL1, circles: 
GPD1 and triangles: GPP2.



Since our research focused on turnover of glycolytic proteins, also the transcripts 
coding for the most important glycolytic genes were monitored. The changes 
in transcript levels induced by the medium shift were less than 2 fold for most of 
the glycolytic transcripts measured. In addition, recent research showed that in 
chemostat cultures the increased glycerol flux during osmotic stress is mainly 
regulated by changes in metabolism and not by changes of protein concentrations 
(Bouwman et al., accepted). In conclusion, the cells do sense an osmotic shock, 
caused by the addition of extra ammonium sulfate and therefore future experiments 
should be adapted such that an osmotic shock is avoided (see Discussion section 6.4). 

6.3.3 Relative isotope abundance

The relative isotope abundance (RIA) in the target tryptic peptides was determined 
during the entire chase period of the experiment. At each time point, proteins were 
extracted from the cells, digested by trypsin and analyzed by LC-FTMS. The peptides 
in the LC-MS analysis were identified based on the measured accurate masses of the 
heavy and light version and the retention time observed in the MS/MS analysis of the 
50 h sample. 

Figure 6.4 shows that for the newly synthesized proteins, the peptides have many 
isotopologues. To calculate the RIA values, the intensities of all isotopologues of the 
heavy peptides were summed to give AH and those of the light peptides were summed 
to give AL in Eq. 6.1. The RIA values of each target peptide at the different time points 
were calculated according to Eq. 6.1 and are given in Table 6.3. After 4 hours, all 
peptides had lost some 30 percent of their label and after 15 hours this has increased 
to 70%.  

Figure 6.5 shows the RIA of five selected glycolytic proteins, i.e. Pgk1p, Tpi1p, 
Pdc1p, Eno1p and Eno2p as a function of time t. The RIAt of each protein is the 
average of three different tryptic target peptides from the same protein. The dashed 
reference curve represents the expected RIA if loss of label would be entirely due 
to chemostat dilution, i.e. due to the steady synthesis of new unlabeled proteins for 
daughter cells, while protein degradation would be negligible. 

If the entire precursor pool (i.e. the intracellular amino-acid pool) would be 
unlabeled from time zero, we should expect all the points to be on this reference 
curve (if there is only dilution) or below it (if there is degradation as well). In the 30 
°C experiment the labeling dynamics approximated this reference curve, suggesting 
that at that temperature the proteins were stable beyond the time scale of the cell 
cycle, i.e. 7 hours. Also in the 38 °C experiment some proteins seemed to exhibit this 
behavior. However, at 38 °C others proteins (i.e. Eno1p and Pgk1p, see Figure 6.5) 
seemed to lose their label more slowly than consistent with cell division and chemostat 
wash-out. Especially first data points were significantly above the reference curve. 
This was not consistent with the interpretation of these experiments in terms of an 
unlabeled amino acid pool immediately after the shift.
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Table 6.3: Measured Relative Isotope Abundance (RIA) of the target peptides as a function of time (in 
hours) after the switch to unlabeled ammonia, a ‘-‘ indicates that the RIA could not be determined.PG
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It might seem that the simplest explanation of this anomaly might be that even 
during the chase period 15N-labeled amino acids contributed substantially to the 
synthesis of new proteins. This could perhaps be due to the presence of a substantial 
free-amino-acid pool in the cells, which remained (partly) 15N-labeled over the first 
hours after the switch. These labeled amino acids could then still be incorporated 
into newly synthesized proteins. In addition, breakdown of proteins will also make 
labeled amino acids available for incorporation into newly synthesized proteins. If 
the protein turnover rate is high, as expected in the 38 °C experiment, the fraction 
of labeled amino acids in the total amino acid pool might remain high. Due to such 
recycling of labeled amino acids the decline of the RIA would underestimate the 
true net rate of protein degradation. This option was supported by the observation 
that the isotope distribution of the 50 hours spectra of the 38 °C experiment did 
not correspond with the theoretical endpoint of the labeling experiment (Figure 
6.6). The most right-hand panel of Figure 6.6 shows increased abundances of the 
second, third, fourth and even fifth isotopologue in the 50 hours spectrum of the 
38 °C culture. This implies that in the 38 °C experiment the 15N-amino acids are still 
overrepresented in the peptides 50 hours after the switch.
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Figure 6.4: Mass spectra with mass increasing from left to right showing the signals from light and heavy 
IVAALPTIK peptide ions. The data were obtained at the different time points after the shift from heavy to 
light ammonia isotope, from the 30 °C culture. At steady state (ss) before transition to 14N culture medium 
only the heavy 15N form of IVAALPTIK was present. In the time series of mass spectra it is clearly visible 
that the newly synthesized peptides contain 14N and 15N, resulting in many isotopologues of the peptide 
ions. After 50 h the isotopic peak distribution resembles again the theoretical distribution for the peptide; 
apparently all of the peptides detected at this time point, have been synthesized anew from light ammonia.
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Figure 6.6: On the left side, the theoretical isotope distribution of peptide LSGNHTFDTTQSK as a doubly 
charged ion, calculated by Bruker’s Compass IsotopePattern (Bruker, Bremen, Germany). To calculate this 
pattern the natural abundances of carbon and nitrogen were used, as defined in the software. The spectra 
on the right-hand side show spectra acquired from the 30 °C and 38 °C grown culture, at the 50 h time 
point.

Figure 6.5: Relative isotope abundance (RIA) in time. Grey symbols: 30 °C experiment, white symbols: 38 
°C experiment. Circles: Pgk1p; downward-pointing triangles: Tpi1p; squares: Pdc1p; diamonds: Eno1p; 
and downward-pointing triangles: Eno2p. RIA was calculated by taking the average RIA of three different 
peptides from the same protein. Error bars represent SEM of three different peptides per protein.  The 
dashed line represents the curve expected if the label  was washed out with the dilution kinetics of the 
chemostat.



6.3.4 Effect of the amino-acid pool size; computer simulations 
and data interpretation 

To study the influence that was to be expected of the size and the recycling of 
the amino-acid pool on the RIA time courses, we developed a mathematical model 
for the system. A detailed description of the model can be found in the Material and 
Methods (section 6.2.5) and an illustration is given in Figure 6.2. Briefly, the model 
describes the label fluxes between ammonium, amino acids, bulk protein and specific 
protein pools, so that we can simulate the label dynamics of these different pools. 
Recycling of label is simulated increasing the so-called recycling parameters qa, qs 
and qp (Material and Methods section 6.2.5 and legend to Figure 6.2). At steady state, 
these recycling parameters can be directly related to the intrinsic degradation rate 
constant kd for the different pools. We were particularly interested in (i) how fast 
the label would be lost from the amino-acid pool (this paragraph) and (ii) how the 
degradation of bulk protein might contribute to the label content of the amino-acid 
pool (paragraph 6.3.5). 

If the nitrogen in amino acids recycles very rapidly into the ammonium pool (qa is 
high), then the fraction of labeled amino acids will decrease rapidly to zero. We have 
simulated this in the model by applying a very high qa value of 1000 resulting in an 
extremely high amino-acid degradation rate v-1 (v-1 = (qa-1)∙D∙(A+S+P)). The model 
showed that indeed the loss of label in the amino-acid pool was extremely fast under 
these conditions (data not shown). Consequently, the label in the specific protein then 
disappeared with the specific turnover rate of that protein plus the specific growth 
rate, in accordance with the model of Pratt et al. [234] (data not shown). However, 
this was not what we observed in our experiments (see paragraph 6.3.3).

Subsequently, we investigated what would happen if amino acids do not exchange 
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Figure 6.7: Model-predicted loss of labeled amino acids from the total amino-acid pool (a/A), if it is 
assumed that there is no degradation of either specific protein S or bulk protein P (cf. Fig 6.2). Parameter 
values: A = 0.33 mmol.gDW-1, S = 0.003 mmol amino acid.gDW-1, P = 3 mmol amino acid.gDW-1, D = 0.1 h-1, qs 
= 1, qp = 1. The grey line indicate the loss of label when the chemostat-dilution kinetics were followed (e-D∙t).



label with the ammonium pool (v-1 zero in Figure 6.2). For the total amino acid pool 
size (A) we have taken the measured value of 0.33 mmol.gDW-1 [51]. The measured 
total amount of protein (P) was taken to be an equivalent of 3 mmol amino acid.gDW-1 
(based on a whole cell protein concentration of around 0.3 g.gDW-1 and an average 
molecular mass for amino acids of 120 g.mol-1). The amount of specific protein S was 
set to 0.1% of the total amount of protein, i.e. 0.003 mmol amino acid.gDW-1). Initially, 
it was assumed that no degradation of any protein occurred and thus no recycling of 
amino acids. This was done by setting parameters qs and qp to 1 and thereby v3 and 
v5 to zero (Material and Methods section 6.2.5 and Figure 6.2). At time point 0 h, the 
pools of amino acids, specific protein S and bulk protein P were completely labeled 
with 15N. The dilution rate D was set to 0.1 h-1, as in the corresponding experiment. 
The fraction of labeled amino acids was calculated as a function of time with our 
mathematical model (the black line in Figure 6.7). For this case where there was no 
recirculation of labeled amino acids from the proteins back to the free amino acid 
pool, the model predicted a fast decrease in the fraction of labeled amino acids. The 
predicted fraction 15N-labeled amino acid in the amino-acid pool after 4 hours (which 
is one of the time points in the experimental dataset) was less than 2%. Consequently, 
to the extent that this version of our model was realistic, the incorporation of labeled 
amino acids into protein should be negligible from that 4 h time point on, if it is 
assumed that there is no recycling of amino acids. Knowing this we used the 4 h time 
point as the starting point (RIA0 in Eqs. 6.2 and 6.3) in all further calculations.

The loss rates (kloss) of 15N-label in the peptides were estimated in two different 
ways. First by fitting a single exponential curve according to Eq. 6.2 to the set of RIA 
data obtained for each selected tryptic peptide. Secondly, the kloss per time point 
was determined according to Eq. 6.3. The results of both methods were compared. 
Figure 6.8 shows the results of the curve fitting analysis for the three peptides of the 
same protein separately. In addition, Table 6.4 (last column) shows the kloss values 
per protein by taking the average of the different peptides. In the same table the kloss 
values of the proteins calculated for each single time point with the 4 h time point as 
RIA0 in Eq. 6.3 are shown (averages of all time points are depicted in bold). The kloss 
values calculated by the two methods were similar. The kloss values were for nearly all 
peptides for both growth temperatures similar to the dilution rate, suggesting that 
all proteins were quite stable. Exceptions were Eno1p in the 30 °C culture and Eno2p 
in the 38 °C culture for both of which kloss exceeded 0.1 h-1. These results, however, 
deviated considerably from those obtained by Pratt et al. [234] in a chase experiment 
with deuterated leucine. In most cases the kloss values obtained in the present study 
are higher than the ones obtained by Pratt et al. Especially for the Eno1p, for which 
we have measured a kloss of 0.12 ± 0.01 h-1, while they report values in between 0.09 
and 0.1 h-1 [234]. One reason for the difference in kloss between both studies could 
be the difference in yeast strain. In our study the CEN.PK113-7D strain was used, 
while Pratt et al. [234] used BY4743. The latter strain is a direct derivative of the 
originally sequenced strain S288c. Canelas et al. (manuscript submitted) studied 

-  146  -

Chapter 6



-  147  -

Measuring protein degradation rates

Figure 6.8: The curve fitting analysis to three single peptides of the same proteins separately. Different 
symbols and shades of grey represent the different peptides. Error bars represent SEM.



the differences in physiological performance as well as the differences on the gene-
expression level between the CEN.PK113-7D and another derivative of the S288c 
strain, called YSBN2. They observed that the genes encoding proteins involved in 
protein degradation were expressed more strongly in CEN.PK113-7D than in YSBN2. 
Although it is known that transcript levels do not always correlate with the protein 
levels, this could be consistent with a higher rate of protein degradation in the 
CEN.PK strain.

The main differences in kloss values were observed between the two temperatures. 
The 38 °C culture showed overall higher loss rates of the proteins analyzed than 
in the culture grown at 30 °C, except for Eno1p. This may appear consistent with 
our hypothesis that the turnover rates are higher in cultures grown under high

Table 6.4: Calculated kloss values from the relative isotope abundance obtained by the mass-spectrometry 
data. kloss values were calculated in two different ways, i.e. per single time point and by curve fitting 
analysis. Errors represent SEM. The data at 4 h after the medium switch were used to determine RIA0 and 
all calculations were done with respect to this time point.

Protein Temperature Time point 

(h)

kloss, single point 
determination (h-1)

kloss, curve fitting 
analysis (h-1)

PGK1 30 °C 12 0.095 ± 0.005
15 0.103 ± 0.005
18 0.097 ± 0.004
21 0.102 ± 0.004
24 0.104 ± 0.005
36 0.112 ± 0.009

Average 0.102 ± 0.002 0.100 ± 0.004
38 °C 12 0.094 ± 0.006

15 0.103 ± 0.005
18 0.115 ± 0.006
21 0.115 ± 0.002
24 0.125 ± 0.004
36 0.125 ± 0.005

Average 0.113 ± 0.005 0.108 ± 0.004
TPI1 30 °C 12 0.098 ± 0.010

15 0.106 ± 0.005
18 0.108 ± 0.006
21 0.111 ± 0.005
24 0.110 ± 0.005
36 0.119 ± 0.002

Average 0.109 ± 0.003 0.106 ± 0.005
38 °C 12 0.110 ± 0.003

15 0.108 ± 0.004
18 0.127 ± 0.005
21 0.114 ± 0.004
24 0.122 ± 0.003
36 0.136

Average 0.119 ± 0.005 0.116 ± 0.001
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PDC1 30 °C 12 0.103 ± 0.001
15 0.105 ± 0.002
18 0.114 ± 0.002
21 0.107 ± 0.001
24 0.108 ± 0.005
36 0.117

Average 0.109 ± 0.002 0.108 ± 0.001
38 °C 12 0.119 ± 0.009

15 0.106 ± 0.007
18 0.113 ± 0.007
21 0.109 ± 0.002
24 0.112 ± 0.002
36 n.d.

Average 0.112 ± 0.002 0.112 ± 0.004
ENO1 30 °C 12 0.129 ± 0.003

15 0.123 ± 0.013
18 0.119 ± 0.008
21 0.112 ± 0.009
24 0.117 ± 0.003
36 0.137

Average 0.123 ± 0.004 0.124 ± 0.006
38 °C 12 0.057 ± 0.008

15 0.075 ± 0.003
18 0.082 ± 0.009
21 0.083 ± 0.008
24 0.094 ± 0.007
36 0.093 ± 0.012

Average 0.081 ± 0.006 0.080 ± 0.006
ENO2 30 °C 12 0.104 ± 0.008

15 0.108 ± 0.008
18 0.110 ± 0.007
21 0.114 ± 0.007
24 0.107 ± 0.007
36 0.102 ± 0.012

Average 0.108 ± 0.002 0.108 ± 0.006
38 °C 12 0.129 ± 0.010

15 0.134 ± 0.009
18 0.132 ± 0.007
21 0.120 ± 0.005
24 0.130 ± 0.004
36 0.108 ± 0.012

Average 0.125 ± 0.004 0.130 ± 0.007
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temperature stress. However, the data for the single time points show an increasing 
kloss in the later time points. This may suggest that in the early time points the protein 
degradation rate was underestimated, which may be due to recycling of labeled 
amino acids from degraded proteins. The increase in kloss in the later time points then 
suggests that the influence of the recycling decreases throughout the experiment. 
From this analysis we conclude that recycling of amino acids from degraded proteins 
should be taken into account in the interpretation of the data.

6.3.5 Possible implications of recycling for the interpretation of 
the RIA values

To investigate the potential impact of recycling of amino acids, this recycling was 
included in the mathematical model. This was done by taking a value higher than 1 
for qp, which should reflect to a non-zero rate of reaction v5 (bulk protein degradation 
in Figure 6.2). The simulations were done with the same values for A, S, P and D as 
above (0.33 mmol.gDW-1, 0.003 mmol amino acid.gDW-1, 3 mmol amino acid.gDW-1 
and 0.1 h-1, respectively). The recycling was included by increasing qp to 1.1, which 
implies a degradation rate of bulk protein (v5) of 10% of its net synthesis. The value 
of qs was kept at 1, implying no degradation of the specific protein. As is shown in 
the left-hand panel of Figure 6.9 (long dashed line) the model predicted that already 
in this case, recycling of amino acids should have a substantial influence on the loss 
of label in the amino acid pool. Whereas without recycling, 98% of the label was 
lost from the amino-acid pool at 4 h, this took 16 h when recycling was included. 
However, even at 20% recycling (qp = 1.2, short dashed line in Figure 6.9, left-hand 
panel), this effect of recycling was limited to some 20% of the label; the amino acid 
pool quickly lost about 80% of its label and only the remainder then decayed much 
more slowly.  The predicted influence of the recycling became larger when qp > 1.2, 
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Figure 6.9: Predicted influence of the recycling of labeled amino acids on the loss of label in the amino-
acid pool (left-hand panel) and the RIA values of specific protein S (right-hand panel B). Solid line: no 
recycling of labeled amino acids; qp = 1; long-dashed line: 10% recycling of labeled amino acids, qp = 1.1; 
short-dashed line: 20% recycling of labeled amino acids, qp = 1.2; dotted line: 30% recycling of labeled 
amino acids, qp = 1.3 The grey line indicate the loss of label when the chemostat-dilution kinetics were 
followed (e-D∙t).



i.e. the degradation rate of the bulk protein became rather substantial (Figure 6.9). 
Obviously, if the recycling of much of the cellular protein were substantial and the 
initial drop in the labeling of the amino acid pool would become less than 90%, the 
subsequent slower loss of labeled amino acids would influence the RIA values of the 
specific protein (Figure 6.9, right-hand panel). 

In order to simulate our experiments with various specific proteins having 
different turnover rates against a constant background of bulk-protein turnover, the 
RIA values for specific proteins were calculated at different values of qs in the model. 
The values of qs were varied from 1.0 to 1.4 at a fixed qp value of 1.2. This means a 
degradation rate of the bulk protein of 20% of its net synthesis and a degradation 
rate of 0 to 40% of the net synthesis rate of the specific proteins. Results of the model 
calculations are shown in Figure 6.10, from 4 till 50 h after the switch. We have fitted 
Eq. 6.2 to the data obtained by the model to estimate the apparent kloss. The apparent 
degradation rate should then equal kloss-D (cf. Material and Methods section 6.2.5). 
Table 6.5 shows the comparison between the real degradation rate used as input in 
the model and the apparent degradation rate. The differences observed between the 
real and the apparent degradation rate were considerable, indicating that if we use 
the method of Pratt et al. [234] with the RIA data obtained in this study we would 
underestimate the degradation rates. This analysis shows that if the bulk protein P is 
labile, then the stability of the specific proteins will be overestimated due to recycling 
of label.

Detailed analysis of the model revealed that if the degradation of the bulk protein 
is equal to the degradation of the specific protein (qp = qs) the disappearance of the 
label from that protein would almost follow the same curve as if there would be no 
degradation of both bulk and specific protein (qp = qs = 1; data not shown). This would 
erroneously suggest that the specific protein was stable. Only if most proteins lived 
longer than the cell cycle time, and a small fraction of protein were much more labile, 
the label in the latter should decay approximately with the kinetics of their intrinsic 
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Figure 6.10: Simulation of the experimental situation. RIA values for the specific proteins were calculated 
for qs values varying from 1 to 1.4 and a fixed qp value of 1.2 The grey line indicate the loss of label when 
the chemostat-dilution kinetics were followed (e-D∙t).



decay. And finally, the delayed disappearance of label as observed for certain proteins 
at 38 °C, could be due to those proteins being much more stable than a different 
population of proteins that should then live much shorter than the cell cycle time. 

Now the model has shown that recycling of labeled amino acids had a substantial 
influence on the RIA values and thus on the kloss, we may conclude that we cannot 
use Eq. 6.3 derived by Pratt et al. [234] for calculating the protein turnover in our 
experiments. Based on the model, however, an improved method to estimate the 
turnover of specific proteins was derived. If the cells are at steady state, the total 
concentrations are constant and the degradation rate constant of specific protein is:

Substitution of Eq. 6.17 into Eq. 6.5 and division by S results in the following 
simplified equation, which describes the dynamics of loss of label from the specific 
protein relative to the total concentration of the specific protein:

v2/S can be determined from the time derivative of s/S,  and the label content of 
amino acids (a/A) and protein S (s/S) at a specific time point, or by fitting to the 
above equation for all time points. The degradation rate constant of protein S (kd,S = 
v3/S) can then be determined from Eq. 6.17. Currently lacking information is the label 
content of the amino-acid pool. 

Table 6.5: Comparison of the real degradation rate (used as input in the model) and the apparent 
degradation (kloss-D) calculated from the kloss value obtained by fitting Eq. 6.2 to the RIA data simulated by 
the model.

qs 
as model input

Real degradation rate
(h-1)

Fitted kloss Apparent degradation rate
(h-1)

1.0 0.000 0.087 Negative value
1.1 0.010 0.094 Negative value
1.2 0.020 0.100 0.000
1.3 0.030 0.105 0.005
1.4 0.040 0.110 0.010

6.4 Discussion

We explored a new method to measure protein turnover rates by measuring 
the loss rate of 15N-labeled peptides. In comparison with earlier methods we have 
used 15N-ammonium sulfate instead of labeled amino acids, which made our method 
suitable for prototrophic yeast strains. This change of the protocol had consequences 
at two points. First, the cells were exposed to an osmotic shock caused by the extra 
addition of ammonium sulfate upon the switch to unlabeled ammonium sulfate. In 
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future experiments this osmotic shock should be avoided. Lowering the amount 
of ammonium in the growth medium could do this. A recent study (A.B. Canelas, 
personal communication) showed that the residual ammonium concentration in 
the fermentor is quite high (around 55 mM). If the ammonium concentration in the 
medium is lowered to 30 mM, it is still in excess and the residual concentration is 
approximately 9 mM. A six-fold decrease of the residual ammonium concentration 
implies that we can also add a six-fold lower amount of unlabeled ammonium at time 
zero. This will attenuate the osmotic shock substantially. 

Secondly, the use of 15N-ammonium sulfate had a dramatic consequence for the 
label fluxes. Based on the experiments and the model, it was shown that in our 
experimental setup the recycling of labeled amino acid had a substantial influence 
on the measured kloss values. This was different in the study by Pratt et al., who used 
deuterated leucine [234]. They showed that incorporation of label was negligible after 
the switch to unlabeled leucine, since no intermediate isotopologues were observed 
in the mass spectra. Apparently, the recycling is much stronger when ammonium is 
used in the way we did this. This problem was less in the study of Pratt et al. [234], 
since the label in particular sites of the amino acid can be lost rapidly. For instance, 
for deuterated amino acids an alpha carbon deuteron can be rapidly lost through 
transamination [26]. 

Our method is certainly problematic if all turnover rates of all proteins are 
similar; if qs and qp are equal. Then our simulations showed that the total relaxation 
almost follows the same curve as if there would be no degradation of both bulk 
and specific protein. This could only be avoided by ample exchange with external 
unlabeled amino acids (not shown).  If qs and qp differ, then the degradation kinetics 
of the protein analyzed do carry information about their relative lability. The kloss 
we measured for the various proteins were all fairly close to the dilution rate of the 
chemostat and fairly close together. This suggests that either the proteins are quite 
stable as compared to the cell-cycle time, or that their intrinsic degradation rates are 
all quite similar to each other.

Although the present dataset is insufficient to determine the protein turnover 
rates, this can in principle be solved by additional measurement of the degree of 
labeling of the amino-acid pool and the steady-state concentrations of the proteins 
of interest. In the model it was assumed that labeled amino acids originated from 
degradation of bulk proteins, but the proposed advanced method will also work if 
they originate from other sources, such as metabolism of purines or pyrimidines 
[188]. A final complication could be that the loss of label in the different amino acids 
follows different time courses. Therefore, it will be necessary to measure the label 
enrichment in all 20 amino acids.

After further optimization, the method developed here, should be quite widely 
applicable. However, since 15N-ammonium sulfate was used as label, it is not suitable 
for measuring the degradation rates of protein upon nitrogen starvation. A solution 
for the nitrogen-starvation experiments could be to use 13C-labeled glucose [56] 
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instead of labeled nitrogen. However, since under those conditions all nitrogen will 
be derived from pre-existing pools in the cell, it is likely that labeled amino acids 
will remain the major precursors for new protein synthesis [221, 346]. Consequently, 
hardly any 12C-amino acids will be built in during the chase period, and this may 
preclude reliable calculations of protein synthesis rates from such experiments.

Altogether, the method presented in this chapter will eventually yield reliable 
protein turnover rates, if all required parameters are measured. Even though the real 
turnover rates could not be determined so far, the results suggest that the turnover 
of proteins is higher at 38 °C than at 30 °C.
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The work described in this thesis was part of a larger project, called Vertical 
Genomics. The main goal of the project was to obtain a quantitative understanding 
of how metabolic fluxes are regulated by the interplay of gene expression and 
metabolism. To this end, we studied how changes in the flux through yeast glycolysis 
were regulated upon environmental challenges, using a Systems Biology approach. 
Systems biology studies how the functional behavior of biological networks 
arises from the interactions between the molecules of life: DNA, RNA, protein and 
metabolites. Therefore, different levels of regulation, from genome to fluxome, and 
the interactions between them were studied. To quantify the contribution of these 
different levels of regulation, Regulation Analysis was used throughout the project. 
Regulation Analysis is a methodology that dissects and quantifies the regulation 
of the flux through individual enzymes into its hierarchical (gene-expression) and 
metabolic components [258, 299]. Until recently, Regulation Analysis had only been 
applied to compare the regulation that brought one steady state to another [76, 232, 
259]. However, with such a limitation one may miss the primary regulatory events 
during the adaptation of the cell to environmental changes. In this thesis I have 
applied a time-dependent extension of Regulation Analysis [43] to obtain insight 
into the adaptation strategies of the yeast cell during the initial response to nitrogen 
starvation. 

In this final chapter I will discuss the results of my research program in the context 
of the entire Vertical Genomics project and other developments in the field. First I 
will discuss the difficulties with and progress in the standardization of experimental 
procedures that is required to exchange data obtained by various research groups. 
Second, I will make an overview of the various studies of yeast Regulation Analysis – 
within and outside the project – and discuss which regulatory patterns emerge from 
the data. Finally I will discuss future perspectives and shift the focus from how fluxes 
are regulated to why fluxes are regulated the way they are.

7.1 Standardization within the Vertical Genomics project

In the field of (Yeast) Systems Biology various consortia are working on the 
standardization of cellular systems and experimental procedures for research (cf. 
Chapter 1). Also within the Vertical Genomics project we have made an effort to 
standardize the cultivation and analytical procedures, in order to integrate the data 
from the different research groups into a coherent picture [271]. Throughout the 
Vertical Genomics project we used the haploid S. cerevisae yeast strain CEN.PK113-7D. 
The physiology of this strain has been well characterized and it has been used before 
in standardized Systems Biology studies [229, 315]. This strain is most often used for 
quantitative metabolic studies [42, 48, 53, 96, 319, 340]. However, most molecular 
biology tools developed for genome-wide studies are based on the sequenced strain 
S288c or derivatives of that strain [7, 59]. The use of different strains in two branches 
of Systems Biology brought up a difficult situation in the process of standardization. 

-  159  -

General Discussion



While the Vertical Genomics project was running, a common European standard was 
agreed upon. The Yeast Systems Biology Network [204] and the EU UniCellSys project 
(www.unicellsys.org) adopted a newly developed, prototrophic derivative of the 
sequenced S288c strain called YSBN. The YSBN consortium has extensively compared 
the new YSBN strain to the CEN.PK113-7D strain, focusing on transcriptome, enzyme 
activity fluxes and metabolome (Canelas et al., manuscript submitted). Although the 
different strains are still used next to each other, it is to be expected that the YSBN 
strain will become the new standard for large projects.

Table 7.1: Steady-state properties of the reference culture at growth rate 0.1 h-1, compared between 
the research groups. Each row shows data from a different research group. Errors represent standard 
deviations of at least 3 independent chemostat cultures. 

Yieldglu,X

(g.g-1)
qO2

a qCO2
b qglucose

a qethanol
b

Carbon recovery
(%)

Reference

0.50 ± 0.01 2.7 ± 0.1 2.8 ± 0.1 1.1 ± 0.0 n.d. 102 ± 1 [313]

0.50 ± 0.01 2.6 ± 0.1 2.8 ± 0.1 1.1 ± 0.0 n.d. 99 ± 0 [51, 52]

0.50 3 3 1.1 n.d. Not determined [232] 

0.47 ± 0.02 2.7 ± 0.1 2.8 ± 0.2 1.2 ± 0.1 n.d. 96 ± 3 This study
a mmol consumed per gram biomass per hour
b mmol produced per gram biomass per hour
n.d.: not detectable
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Figure 7.1: Comparison of mRNA abundance measurements at three different research groups with 
the measuremtns of the VUA group; qPCR signal relative to the control gene (PDI1) for the various 
mRNAs of the glycolytic genes. The cycle threshold of the control gene (PDI1) was subtracted from the 
cycle threshold of the transcript of interest. Comparing these data from different laboratories gave an 
estimation of the similarity of the chemostat cultures at the transcriptional level. DUT: Delft University of 
Technology (Canelas, Bouwman et al., not published), open circles; UvA1: University of Amsterdam group 
1 [232], black triangles; UvA2: University of Amsterdam group 2 (Tuzun, Bouwman et al., unpublished), 
grey squares; VUA: VU University Amsterdam (Van Eunen, Bouwman et al., unpublished).



The reference culture in the Vertical Genomics project was an aerobic, glucose-
limited chemostat under fully respiratory conditions at a growth rate of 0.1 h-1. The 
steady-state properties of cultures run under formally identical conditions, in the 
different laboratories have been compared. Table 7.1 shows the main physiological 
properties of the cultures: the biomass yield on glucose, the carbon fluxes and the 
carbon recovery. The results of the different research groups differed only marginally 
and within the experimental error of each individual laboratory. In contrast, the 
transcript levels from the cultures of the same laboratories (Delft University of 
Technology (DUT), 2 groups of the University of Amsterdam (UvA1 and UvA2) and 
the VU University Amsterdam (VUA), respectively) differed substantially. In Figure 
7.1, we have plotted the transcript data of the UvA groups and the DUT against our 
own data (VUA). All transcripts in between the two dashed lines differ less than a 
factor of 2 between the labs and the VUA lab. A factor of 2 is often used as cut-off 
criterium in microarray studies [85, 102, 187] and therefore these transcripts might 
be considered as similar between the VUA and the other laboratories. However, some 
50% of the transcripts showed a more than two-fold difference between the VUA and 
any of the other groups. A similar picture was obtained when the dataset from any 
of the other three groups was plotted at the X-axis (not shown). The transcriptome 
analysis was always done with the same method in a single laboratory (VUA) and 
the duplicates from a single culture showed little variation. Hence, the observed 
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Figure 7.2: Enzyme capacity (Vmax) measured by the VUA (black bars), DUT study 1 (white bars) and 
the DUT study 2 (grey bars). The data from VUA and DUT study 1 were derived from the YSBN study 
(Canelas et al., manuscript submitted); the samples came from the same culture, but were analyzed 
independently. The data from DUT study 2 are derived from [318]. Error bars represent SEM of three 
independent cultures. HXK: hexokinase, PGI: phosphoglucose isomerase, PFK: phosphofructokinase, ALD: 
aldolase, TPI: triosephosphate isomerase, GAPDH: glyceraldehyde 3-phosphate dehydrogenase, PGK: 
3-phosphoglycerate kinase, GPM: phosphoglycerate mutase, ENO: enolase, PYK: pyruvate kinase, PDC: 
pyruvate decarboxylase, ADH: alcohol dehydrogenase.



variation may be due to cultivation differences. This interlaboratory variation is 
much larger than reported previously for microarrays. In the dataset of Piper et al. 
[229] around 10% of the transcripts show a more than two-fold difference between 
two different laboratories. In the latter study the transcriptome analysis was done 
in the two laboratories separately, but the variation in cultivation contributed more 
than the analytical variation between the labs.

The protocols for measuring enzyme capacities (Vmax) were also standardized 
between the different research groups. In the first phase of the project the 
NAD(P)H-linked assays as described by Van Hoek et al.  [317] were used. For these 
assays the in vitro conditions have been optimized for each enzyme separately. 
Quantitatively, the results of three studies in two labs differed significantly with 
reference to the standard error of the mean of each laboratory individually  
(Figure 7.2). The enzymes hexokinase (HXK), phosphoglucose isomerase (PGI), 
phosphofructokinase (PFK), glyceraldehyde-3-phosphate dehydrogenase (GAPDH), 
enolase (ENO), and pyruvate decarboxylase (PDC) were most reproducible. For the 
remaining enzymes, it was not always the same dataset that differed from the other 
two. A difference between the labs is that the group of the VU University Amsterdam 
used more dilutions to determine the linear range than the Delft University of 
Technology did. In addition, there were subtle differences between the extraction 
procedures of the two laboratories.  

In a later stage of the project we went a step further by developing an entirely 
new standard to measure enzyme activities under conditions that mimic the in vivo 
situation of the yeast cytosol (Chapter 4). The development of the in vivo-like assay 
medium was crucial for the generation of a more realistic quantitative computer 
model of yeast glycolysis (Chapter 5). 

In conclusion, the degree of standardized experimental procedures within the 
Vertical Genomics project was high compared to other studies. The reproducibility 
of the experiments within each research group was excellent. The reproducibility 
between the research groups, however, still needs improvement. Clearly, 
standardization will be an ongoing story in the Systems Biology field.

7.2 Regulation of the glycolytic flux

This thesis focused on the question how changes in the glycolytic flux were 
regulated upon nitrogen starvation. Nitrogen starvation was one of the environmental 
perturbations studied in the Vertical Genomics project. Other perturbations were 
high-temperature stress [232], the transition to anaerobic glucose-excess conditions 
[313], a sudden addition of glucose [52] and the transition to hypoxic conditions. At 
first sight the distribution of regulation seems to have been different in all studies 
done so far. In this section I will make an overview of studies of Regulation Analysis 
of yeast glycolysis to see if any common regulation pattern emerges. 

Rossell et al. [259] already concluded that regulation of yeast glycolysis does not 
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generally follow a simple strategy. In theory we may distinguish various regulation 
strategies: (i) modification of a single rate-limiting enzyme (single-site modulation), 
(ii) a simultaneous and proportional modulation of all the enzymes in the pathway 
(multi-site modulation [100]), (iii) exclusively metabolic regulation and (iv) different 
enzymes playing different regulatory roles, often even depending on the particular 
conditions and challenges. If we translate these strategies in terms of Regulation 
Analysis (see General Introduction section 1.2), single-site modulation means that 
one enzyme is regulated purely at the gene-expression level (ρh = 1), while all the 
others are regulated by changes in the metabolite concentrations (ρh = 0). Even though 
single rate-limiting enzymes might exist for some pathways [12, 86, 243, 283, 331], 
it is more common that the control of the flux is distributed over several enzymes 
[99] and therefore also single-site modulation has little rationale. Indeed, efforts to 
correlate a change in glycolytic flux to a change in the activity of any single enzyme 
have failed ([259, 261] and this thesis). The opposite theory of multi-site modulation 
proposes metabolite homeostasis, excluding the possibility of metabolic regulation 
(ρh = 1 for all enzymes). Examples of multi-site modulation have been suggested, such 
as lipogenesis in mice, the urea cycle in rats, and photosynthesis in green plants [99]. 
However, in none of these studies the hierarchical regulation coefficients have been 
measured quantitatively, such that their equality has not been proven. Furthermore, 
in Regulation Analysis of yeast glycolysis where this quantification was undertaken, 
this has never been found (see below). The third possible strategy (exclusively 
metabolic regulation) corresponds to ρh = 0 for all enzymes in the pathway. This 
means that the flux through the pathway is changed while the activities of all of 
the enzymes are unchanged. Rossell et al. found none of these three hypothetical 
strategies [259]. Instead, their study showed a diversity of regulation within yeast 
glycolysis upon nitrogen starvation. The nitrogen starvation studies in this thesis 
also showed a diversity of regulation; the various hierarchical regulation coefficients 
were all different and not all close to zero or 1. In the nitrogen-starved cells grown 
under respiratory conditions, metabolic regulation was dominant. Since under these 
conditions the flux was increased while the capacities of most of the enzymes were 
decreased, the metabolic regulation suggests the existence of an overcapacity of these 
enzymes at least before the starvation was induced. This overcapacity of glycolysis 
had also been found previously in various studies in which metabolic regulation was 
also dominant in the regulation of the flux [76, 296, 313]. A teleological reason for 
maintaining this overcapacity might be that a yeast cell in a sugar-poor environment 
is always prepared for ‘better’ sugar-rich conditions, such that the cell can rapidly 
increase the flux without a need for enzyme synthesis. Another reason proposed by 
Tai et al. might be an evolutionary adaptation of the yeast to diurnal temperature 
cycling in the natural environment of yeast, which makes wasteful cycles of massive 
synthesis (as temperatures decreases) and degradation (as temperatures increases) 
of enzymes unnecessary [296].
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7.2.1 How are changes in fluxes regulated in general?

Various studies have presented Regulation Analysis data for different 
perturbations or steady-state conditions. In this paragraph I will make an overview 
of the Regulation Analysis studies of yeast glycolysis presented in literature so far [76, 
232, 259, 261, 313] together with those of this thesis. Although Regulation Analysis 
has been applied to other organisms, the number of datasets is too limited for meta-
analysis [95, 299]. With this overview I will investigate which regulation strategy the 
yeast cell follows when adapting to environmental changes and if similar strategies 
are followed upon the different perturbations. Furthermore I will study if the growth 
conditions play a role in the regulation of the glycolytic flux. 

The recent development of time-dependent Regulation Analysis made it possible 
to follow flux regulation in time when cells adapt to an environmental change. It 
also divided the regulation studies in two groups: on the one hand those comparing 
two steady-state conditions and on the other hand the time-dependent studies. 
The results obtained with the time-dependent form of Regulation Analysis can 
reveal shifts from one regulation category to another. For instance, in this thesis 
we have shown that during prolonged nitrogen starvation regulation shifted from 
hierarchical to metabolic and the other way around (see Figure 3.4 in Chapter 3). 
This makes it difficult to compare regulation data obtained by the original steady-
state Regulation Analysis to those from the time-dependent Regulation Analysis. For 
the time-dependent datasets I have therefore used the last time-point measured, 
which is most likely close to the new steady state.

Figure 7.3 gives a complete overview of all regulation data that are currently 
available for yeast glycolysis. Overall, metabolic regulation dominated slightly 
over hierarchical regulation with 60 versus 40% (see Table 7.2 and 7.3). The 
major exceptions were two nitrogen-starvation experiments starting from 
respirofermentative growth (Table 7.3: N-starved versus non-starved cells from  
either batch cultures or from aerobic glucose-limited chemostat cultures at a 
dilution rate of 0.35 h-1) both showing a dominant hierarchical regulation. Most of 
the enzymes showed a different regulation depending on the conditions that were 
studied. In the summary of Table 7.2 this becomes apparent from the large standard 
deviations which were taken over the various studies. Nevertheless, it is clear that 
GAPDH is mainly regulated by metabolism (90%) with a relatively small standard 
deviation (30%). Enolase showed cooperative regulation by both metabolism and 
gene expression under all conditions. Overall this resulted in a distribution of 40% 
hierarchical versus 60% metabolic regulation with a small standard deviation (20%) 
(see Table 7.2). 

Until now it is impossible to draw general conclusions about the impact of 
the growth conditions prior to a perturbation, since only two studies were time-
resolved. Nevertheless, conclusions can be drawn about the influence of respiratory 
versus respirofermentative growth on the distribution of regulation. To this 
end, I have divided the experiments in two groups. In the first group always  two
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Table 7.2: The average regulation coefficients per enzyme. The averages of all studies (Chapter 2 and 3 of 
this thesis and [76, 232, 259, 261, 313]) were taken for each enzyme separately. 

Enzyme ρh Standard deviation ρm

HXT 0.0 0.9 1.0

HXK 0.3 0.6 0.7

PGI 0.4 1.2 0.6

PFK 0.3 0.7 0.7

ALD 0.5 0.8 0.5

TPI 0.3 0.9 0.7

GAPDH 0.1 0.3 0.9

PGK 0.3 0.3 0.7

GPM 0.3 0.4 0.7

ENO 0.4 0.2 0.6

PYK 0.5 0.5 0.5

PDC 1.1 1.2 -0.1

ADH 0.2 1.6 0.8

Overall 0.4 0.2 0.6

Table 7.3: The average regulation coefficients per physiological perturbation. The averages over all 
glycolytic enzymes were taken for each perturbation separately.

Study ρh

Standard 

deviation 
ρm

Batch – wild type vs ∆hxk2 mutant 0.4 0.3 0.6

Batch – non-starved vs 24 h C-starved 0.0 0.4 1.0

Batch – non-starved vs 24 h N-starved 0.9 0.6 0.1

D = 0.35 h-1 – non-starved vs 24 h N-starved 1.6 1.6 -0.6

D = 0.1 h-1 – non-starved vs 4 h N-starved -0.4 0.7 1.4

D = 0.35 h-1 – glucose limited vs 4 h glucose excess 0.3 0.8 0.7

D = 0.1 h-1 – anaerobe with vs without acid 0.4 0.7 0.6

D = 0.1 h-1 – aerobe vs batch anaerobe 0.1 0.1 0.9

D = 0.1 h-1 – aerobe 30 °C vs 38 °C 0.2 0.2 0.8

D = 0.1 h-1 – aerobe vs anaerobe 0.2 0.3 0.8

Overall 0.4 0.6 0.6

conditions are compared under which the cells exhibit (respiro-)fermentative 
metabolism. To this first group belong the nitrogen starvation studies with cells 
from either a batch culture [259] or an aerobic glucose-limited chemostat culture 
at a growth rate of 0.35 h-1 (Chapter 2 of this thesis), the shift from aerobic glucose-
limited chemostat conditions at a dilution rate of 0.35 h-1 to aerobic glucose-excess 
conditions (Chapter 2 of this thesis) and the comparison of the anaerobic glucose-
limited chemostat culture in the presence and absence of benzoic acid [76]. 
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Figure 7.3: Overview of Regulation Analysis data. Black bars: metabolic regulation, ρm; white bars: 
hierarchical regulation, ρh; grey bars: regulation by temperature, ρT. Different studies presented are: batch 
– wild type vs ∆hxk2 mutant [261], batch – non-starved vs 24 h C-starved [259], batch – non-starved vs 
24 h N-starved [259], D = 0.35 h-1 – non-starved vs 24 h N-starved (Chapter 2 this thesis), D = 0.1 h-1 – non 
starved vs 4 h N-starved (Chapter 3 this thesis), D = 0.35 h-1 – gluc. limited vs 4 h gluc. excess (Chapter 2 
this thesis), D = 0.1 h-1 – anaerobe with vs without acid [76], D = 0.1 h-1 – aerobe vs batch anaerobe [313], 
D = 0.1 h-1 – aerobe 30 °C vs 38 °C [232], D = 0.1 h-1 – aerobe vs anaerobe [76].



The second group contains studies that compared a condition in which the cells 
exhibit respiratory metabolism to a condition in which the cells exhibit (respiro-)
fermentative metabolism. Studies belonging to the second group are the shift from an 
aerobic glucose-limited chemostat condition at a D of 0.1 h-1 to an anaerobic glucose-
excess batch condition [313], an aerobic glucose-limited chemostat culture grown at 
a growth rate of 0.1 h-1 at 30 °C compared to one at 38 °C [232], the glucose-limited 
chemostat cultures grown at a growth rate of 0.1 h-1 under aerobic versus anaerobic 
conditions [76], the nitrogen-starved cells from an aerobic glucose-limited chemostat 
culture at a growth rate of 0.1 h-1 (Chapter 3 of this thesis), the carbon-starved cells 
from a batch culture [259], and the comparison between the wild type and the ∆hxk2 
strain grown under batch conditions [261]. In the studies from group 2 (respiratory 
vs (respiro-)fermentative metabolism) the observed changes of flux were regulated 
for 90% by metabolism with a standard deviation of only 20% (Table 7.4). However, 
in group 1, in which always two conditions of respirofermentative metabolism were 
compared, regulation by gene expression was more important (80%)  (Table 7.4). 
So far no regulation data is available describing a comparison of two conditions in 
which cells exhibit respiratory growth. However, I expect in such situation that again 
metabolic regulation is dominant, since it seems that cells grown under respiratory 
conditions have an overcapacity of the glycolytic enzymes.

Since in all individual studies a different type of regulation is found, none of the 
regulation strategies described in paragraph 7.2 can be identified as the generic 
strategy of yeast glycolysis. However, on average group 1 (respirofermentative 
metabolism) approximates multisite modulation most closely. Yet, the large standard 
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deviation (50%) in this group indicates that not all enzymes join in multisite 
modulation. Thereby, the proposed advantage of homogeneous multisite regulation 
that the metabolite concentrations can remain unaffected is lost. For instance, 
also in this group GAPDH is regulated metabolically. The third strategy of pure 
metabolic regulation is most closely approximated by group 2 (respiratory versus 
respirofermentative metabolism). This dominant metabolic regulation suggests 
that respiratory cells, which typically have a low glycolytic flux, have a substantial 
overcapacity of enzyme activities. This allows an upregulation of glycolytic flux with 
minor induction of glycolytic gene expression. 

Table 7.4: Average regulation coefficients after dividing the studies into two groups, i.e. those comparing 
two conditions in which the cells exhibit (respiro-)fermentative metabolism (group 1) and  those 
comparing a condition in which the cells exhibit respiratory metabolism to a condition in which the cells 
exhibit (respiro-)fermentative metabolism (group 2). The averages of all studies within the particular 
group were taken for each enzyme separately. 

Enzyme
Group 1 Group 2

ρh

Standard 

deviation
ρm ρh

Standard 

deviation
ρm

HXT 1.2 * -0.2 -0.3 0.8 1.3

HXK 0.5 0.6 0.5 0.1 0.6 0.9

PGI 0.9 1.9 0.2 0.1 0.2 0.9

PFK 0.7 0.9 0.3 0.0 0.4 1.0

ALD 1.2 0.6 -0.2 0.0 0.5 1.0

TPI 1.1 1.4 -0.1 -0.1 0.5 1.1

GAPDH 0.1 0.4 0.9 0.1 0.3 0.9

PGK 0.3 0.4 0.7 0.3 0.3 0.8

GPM 0.5 0.6 0.6 0.3 0.2 0.7

ENO 0.4 0.1 0.7 0.4 0.3 0.6

PYK 1.1 0.4 -0.1 0.1 0.2 0.9

PDC 1.8 1.4 -0.8 0.4 0.5 0.6

ADH 1.1 2.2 0.0 -0.4 0.6 1.4

Overall 0.8 0.5 0.2 0.1 0.2 0.9
* Within this group the Vmax of the hexose transporters was only measured in the study: batch – non-
starved vs 24 h N-starved.  

7.3 Future perspectives

In the Vertical Genomics project we quantified how changes in the glycolytic 
flux are regulated upon environmental changes. The project has opened many new 
questions for future research. In my opinion this future research should focus on 
three main issues. First, in the General Introduction it became clear that regulation 
at the posttranscriptional level might play an important role in the gene-expression 
regulation. This was confirmed by results obtained in this study. In this thesis we 
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started to develop the tools to discriminate between regulation at protein synthesis 
and at protein degradation. In addition, research at the other posttranscriptional 
levels, such as the stability of mRNA and posttranslational modification will be 
required. Secondly, the dominant metabolic regulation that was observed under 
some conditions, suggests the need to study the underlying metabolic mechanisms. 
In Chapter 5 we made major progress in kinetic modeling to explain the metabolic 
regulation upon nitrogen starvation, but it also revealed that we might lack some 
important aspects. Finally, Regulation Analysis focuses on the question how changes 
in the pathway flux are regulated. The complex regulation patterns that are observed, 
brings up the question why pathway fluxes are regulated in this way. These issues 
will be discussed in the next three paragraphs. 

7.3.1 Regulation at the different gene-expression levels

 Regulation may take place at all levels of the gene-expression cascade. The 
correlation between transcript levels and protein levels is poor [76, 81, 121, 125, 205], 
indicating an important role for regulation of protein synthesis and/or degradation. 
In Chapter 2 I found that during nitrogen starvation the roles of protein synthesis 
and protein degradation could not be easily dissected. To obtain more insight, we 
set up a new method to dissect the synthesis and degradation of specific proteins 
(Chapter 6). We first developed this method for growing cultures and the method 
would have to be adapted for protein-degradation rates to be measured under 
nitrogen-starvation conditions. The method is a modification of stable-isotope pulse 
chase methods and will quantify protein synthesis and degradation fluxes directly. 
Currently, most research on translation regulation is based on the association 
between ribosomes and mRNA species. The number of ribosomes bound to an 
mRNA is then assumed to give an indication of the translation rate of that particular 
mRNA species. DNA microarrays of different polysome fractions are interpreted as 
a global view of the translational status of individual mRNAs [7]. Nevertheless, this 
method is widely used to study global and transcript-specific translational regulation 
under different conditions [148, 175, 195]. The hidden assumption underlying this 
method, however, is that translation is regulated at the level of initiation rather 
than elongation or termination. If initiation is affected, a decrease of the number of 
ribosomes bound to an mRNA should parallel a decrease of the translation rate. If 
elongation or termination are affected, however, the opposite correlation would be 
observed. It is quite likely that regulation mechanisms that work for instance via the 
availability of specific tRNA and/or amino acids, affect elongation (De Vos et al., in 
preparation). Therefore a further development of more direct assays of translation 
rates is very important.  

Several other posttranscriptional levels that might play a role in flux regulation 
have hardly or not been studied in the Vertical Genomics project, mostly because 
quantitative methods are still under development. In the remainder of this section I 
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will focus on mRNA stability and posttranslational modifications.
Within the Vertical Genomics project and from earlier research it has become clear 

that the transcript levels of specific mRNAs decreased dramatically when yeast cells 
were suddenly relieved from glucose-limitation [92, 111, 173, 329, 347]. The transcript 
level of an individual mRNA results from the balance between its transcription and 
degradation. It is impossible to determine solely based on a change in transcript level 
which of the two processes is being regulated. This requires quantification of the 
synthesis and degradation rates of individual mRNAs. To measure mRNA turnover 
rates transcription inhibitors are used, often in combination with microarrays for a 
genome-wide analysis. The method has been used to determine genome-wide mRNA 
turnover in bacteria [22, 280], yeast [122, 328], plants [124], Trypanosoma [125] 
and humans [239, 345]. Within the Vertical Genomics project this method has been 
used to determine mRNA decay rates when yeast cells were suddenly relieved from 
glucose-limitation (J. Bouwman, A.B. Canelas et al., unpublished). The disadvantages 
of using transcription inhibitors are, however, that (i) the mRNA degradation rates 
might be influenced when transcription is blocked and (ii) it is likely that the 
transcription inhibitors have side effects, since different inhibitors gave different 
results (J. Bouwman, personal communication). Rates of transcription have been 
measured by a method called Genomic-Run On (GRO), which combines radioactively 
labeled RNA and Chip analysis [97, 109, 159]. The method uses either isolated nuclei 
[97] or permeabilized cells [109] and the transcription rate is determined from the 
incorporation of radioactively labeled nucleosides. This technique was recently 
used to determine genome-wide transcription rates for yeast cells exposed to either 
oxidative [201] or osmotic stress [254]. The main disadvantage of the GRO method 
is that either isolation of the nuclei or permeabilization of the cells is needed and 
therefore the connection with the in vivo situation is lost. Theoretically the best 
method to measure mRNA synthesis and degradation rates would be the application 
of stable isotopes in pulse-chase experiments, just like protein turnover rates have 
been measured ([26, 234] and Chapter 6 of this thesis). To my knowledge, however, 
such methods have not been described yet. Probably, the detection of labeled 
transcripts is the current bottleneck.

The last level of posttranscriptional regulation that I will discuss is 
posttranslational modification. More than three hundred types of posttranslational 
modifications of proteins have been described [71]. Despite the recent developments 
in the field of proteomics, the identification of modified proteins and the high-
throughput characterization of their dynamics is a missing link in Systems Biology. So 
far, the presented methods often require enrichment or provide selective detection of 
specific classes of modified proteins [17, 32, 126, 194, 349]. Only recently, different 
types of posttranslational modification could be detected with a single method [54, 
192]. Even if it is possible to determine these posttranslational modifications at 
high-throughput and genome-wide, the question remains how and to which extent 
these modifications affect the catalytic properties of the proteins. The dissection of 
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functional modifications, such as phosphorylation, from damage caused by aging or 
stress would only be a first step.   

New techniques and further analysis of the different levels of posttranscriptional 
regulation will enable measurements of more properties related to regulation. The 
construction of quantitative, computational models of the mechanisms underlying 
the gene-expression cascade and extensions to Regulation Analysis will be needed 
to make those experiments interpretable in terms of the various types of regulation 
that may be active concurrently.   

7.3.2 Glycolysis models

From the overview of the regulation studies above it is evident that upon 
environmental changes the glycolytic flux is regulated by a complex interplay of 
gene expression and metabolism. For the case of nitrogen starvation we have tried 
to understand this interplay by the implementation of the obtained data (Vmax values 
and intracellular concentrations of the allosteric regulators) into a kinetic model of 
yeast glycolysis. Although we have improved the glycolysis model in various ways, 
it did not correspond fully to the experimental data. Glycolysis has been studied 
extensively in different organisms and glycolysis models of these organisms are 
available. A closer look at other models might help to find the cause of the remaining 
discrepancy. To this end I studied models of glycolysis in S. cerevisiae [147, 250, 301], 
E. coli [62], Lactococcus lactis [138, 139] and human skeletal muscle [177, 274].

One of the issues that came up in the development of different models [177, 
301] is the difficulty of obtaining the correct in vivo kinetic parameters. When the 
parameters were fitted based on the in vivo dynamics, it was only possible to fit a 
subset of parameters, such as the Vmax values [250]. Consequently, the estimation of 
the in vivo parameters depends on a large set of in vitro equations and parameters. 
In Chapter 4 we have made a first step towards a model-independent estimation of 
in vivo  parameters by developing an assay medium for measuring enzyme activity 
under in vivo-like conditions. So far, we have measured the Vmax values of the 
glycolytic enzymes and the kinetic parameters of GAPDH in this new assay medium. 
The Vmax values were quite different when measured under in vivo-like conditions 
as compared to the in vitro conditions optimized with regard to maximum activity 
of the enzyme studied. In addition, the redetermination of the kinetic parameters 
for GAPDH showed that these parameters could differ substantially under different 
growth/stress conditions. The meaning of these differences is unclear, since the 
kinetic model performed best when the kinetic-parameter dataset of one condition 
was applied to the other conditions (see Chapter 5 of this thesis).  

In our study the regulation of PFK remained enigmatic. All models describe the 
important role of PFK in the regulation of the concentrations of the metabolites in the 
upper part of glycolysis. PFK itself has many effectors, under which are F6P, F16BP, 
F26BP, AMP, and ATP. To our surprise, however, we found in Chapter 5 of this thesis 
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that the elasticity coefficients calculated at the measured metabolite concentrations 
were very small. Only F6P and AMP slightly stimulated the flux through PFK. 
Remarkably, the allosteric regulators F26BP and ATP hardly affected the flux through 
PFK. This lack of possibilities for metabolic regulation does not fit with the large 
negative metabolic regulation observed for PFK in the same study. Paradoxically, the 
calculated rates of PFK approximated the measured rates reasonably well. 

Another important aspect of metabolic regulation, which is often ignored, is the 
intracellular pH. A change of the intracellular pH influences the activities of certain 
enzymes, like for instance PFK [344] and PDC [281]. Often the intracellular pH 
changes dramatically and rapidly [174, 222]. Schmitz et al. [274] discuss the possible 
regulation of glycolysis by changes in intracellular pH, but so far regulation by pH has 
not been incorporated in any of the glycolysis models.

For the models of glycolysis in L. lactis [139] and human skeletal muscle [177, 274] 
the role of inorganic phosphate (Pi) in the metabolic regulation has been discussed. 
The free Pi pool is sensitive to environmental changes. For instance glucose depletion 
experiments with L. lactis [139] show a rapid decrease in Pi. Since Pi is a substrate 
of GAPDH, the decreased Pi levels might lower the activity of GAPDH and thereby 
affect the metabolite concentrations in the upper part of glycolysis (B. Teusink, 
personal communication). Under the reference condition of this thesis, Pi is rather 
high. The measured concentration of 50 mM is sufficient to saturate GAPDH and even 
inhibits some other enzymes (Chapter 4). Although the intracellular Pi has not been 
measured under the other conditions of this thesis, the high extracellular Pi is likely 
to support a high intracellular Pi under all conditions. Possibly, the free cytosolic Pi 
pool is involved in the regulation of the glycolytic flux under some conditions, but 
further research is required to study its role.  

Mechanisms of regulation that have not been taken into account in any of the 
glycolysis models are futile cycling and complex formation of glycolytic proteins 
to each other or to other macromolecules [128]. Both types of mechanism may 
significantly influence the regulation of the glycolytic flux. A relevant futile cycle is 
for instance formed by phosphofructokinase and fructose-1,6-bisphosphatase [140, 
270].    

7.3.3 From how to why

Looking back at the Vertical Genomics project, the focus has been on the question 
how changes in the glycolytic flux were regulated. Regulation turned out to be 
distributed over various levels and depended on time, enzyme and condition of 
interest. At first no patterns could be recognized [76, 259]. Even now, with many 
more studies available (section 7.2) the observed complexity brings up the question 
why fluxes (or at least the glycolytic flux) are regulated in such a complex manner. 

Let me briefly discuss the difference between the how and why question. The how 
question deals with the mechanisms underlying biological function. Quantification 
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of regulation by Regulation Analysis is an approach to zoom in deeper and deeper 
into the mechanism of flux regulation. The why question focuses on the strategy or 
the purpose behind this regulation. An example of a why question would be why the 
yeast cell degrades proteins during nitrogen starvation. A possible answer would be 
to provide the cell with building blocks for new synthesis. As, obviously, the yeast 
cell is unconscious of this purpose, the rationale behind the why question is that 
biological systems have evolved under selection pressure. In biology the why question 
is actually after the selective advantage of a certain mechanism under evolutionary 
pressure. Hence, we would like to understand the selective advantage of the complex 
distribution of regulation that we find.

An approach towards understanding the selective advantage of the observed 
regulation strategies is by combining two different modeling methodologies, i.e. 
constraint-based and kinetic modeling [285]. The most popular type of constraint-
based modeling in Systems Biology is Flux Balance Analysis (FBA) [185]. FBA uses 
certain physicochemical constraints such as mass balance, energy balance and/or 
flux limitations to describe the behaviour of a metabolic network. The method is 
based on the structure and stoichiometry of cellular networks and searches for the 
most efficient path through the network in order to achieve a particular objective 
function, such as the maximization of biomass or ATP production [70, 236, 285, 
302]. Often, the implicit hypothesis is that this objective function has served as a 
selection criterion during evolution. An advantage of FBA is that it requires minimal 
kinetic data to come to a quantitative conclusion about network behaviour. However, 
FBA is concerned only with fluxes and it does not give intracellular metabolite 
concentrations [285], which precludes the study of metabolic regulation. In contrast, 
kinetic modeling allows to characterize the mechanism of each enzyme reaction 
including the effect of the metabolite concentrations on the local reaction rate. The 
kinetic modeling that has been applied in this thesis deals exclusively with the how 
question.

A combination of kinetic and constraint-based modeling methods may well 
lead to reliable computational models, which improve our understanding of the 
strategies behind flux regulation. Smallbone et al. [285] have described a modeling 
framework that requires little experimental data and no knowledge of the underlying 
mechanisms of each enzyme, but which allows studying intracellular metabolite 
concentrations. The fluxes in the model are found by flux balance analysis and are 
subsequently allowed to vary dynamically according to linlog kinetics [132, 211, 
321]. This was the first attempt at the construction of a kinetic model for a metabolic 
network that is solely based on reaction stoichiometry and nutrient supply. The 
next step is to put certain constraints on kinetic models to test how hypothetical 
evolutionary optimization criteria would work out. Objective functions might be, for 
instance, minimal total protein concentrations [166], maximum growth rate [200], 
robustness to dynamic perturbations or metabolite homeostasis. Constraint-based 
kinetic modeling [200, 276, 333] is a new field of Systems Biology research and may 
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lead in the future to a better understanding of the evolutionary advantage of the 
complex distribution of flux regulation.

7.4 Conclusion  

Regulation Analysis has drastically changed our view on the dynamic regulation 
of metabolic fluxes. The observed complexity was beyond our expectations. In 
this thesis I have further developed the methodology and contributed to the 
quantitative characterization of time-dependent flux regulation during nitrogen 
starvation. Moreover, the contours of a more detailed quantitative analysis of both 
the gene-expression cascade and metabolic regulation have become visible in this 
thesis. During the course of my PhD project Systems Biology has become a mature 
science. The challenge for future Systems Biology will not only be to understand 
the mechanisms of biological regulation, but even more to understand how certain 
mechanisms could have evolved.
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One of the key characteristics of a living organism is its ability to adapt to sudden 
changes in the environment. The response of organisms to these changes is regulated 
at various levels of cellular organization, including the processes belonging to gene 
expression and metabolism. This thesis focuses on the interplay between the gene-
expression cascade and metabolic pathways when the organism adjusts its physiology 
to new environmental conditions.

Regulation Analysis is a novel methodology to quantify and dissect the regulation 
of metabolic fluxes into gene-expression and metabolic components. Preceding the 
work described in this thesis, Regulation Analysis had been applied to describe 
the transition from one steady state to another. With the latter approach one will 
miss, however, the primary regulatory events during the adaptation of an organism. 
Therefore, a time-dependent extension of Regulation Analysis was applied in this 
thesis, so as to obtain more insight into the primary adaptation strategies of the 
organism.

The baker’s yeast Saccharomyces cerevisiae is an important model organism for  
the regulation of cellular processes in eukaryotes. Besides, it has many classical and 
modern applications in industry. The research in this thesis was part of a larger project, 
called Vertical genomics: from gene expression to function, …and back. In the project 
S. cerevisiae was cultivated under highly standardized conditions and then faced 
with various challenges. Apart from nitrogen starvation, which has been the focus 
of this thesis, these included elevated temperatures, anaerobic or aerobic glucose 
excess and various degrees of hypoxia. Under all these conditions the integrated 
response of energy metabolism (notably glycolysis) was quantitatively dissected into 
contributions by gene-expression and metabolic regulation. Altogether, the project 
has yielded a broad view on the mechanisms underlying the regulation of cellular 
fluxes.

Nitrogen starvation has a strong impact on cellular physiology. In the absence 
of nitrogen in the environment, cells synthesize new proteins by degrading existing 
proteins. The glycolytic and fermentative capacity of yeast cells, i.e. the rate at which 
it can convert glucose to ethanol and CO2 under anaerobic, glucose-excess conditions, 
tends to decrease during prolonged (24 h) starvation for nitrogen. Previous studies 
have shown that during nitrogen starvation the flux through glycolytic enzymes 
is regulated by metabolic regulators as well as via adaptation of gene expression. 
The quantitative contributions of each of these differed strongly between enzymes 
and conditions. This was unexpected, since the prevailing view was that unspecific 
bulk degradation of proteins via autophagy would be dominant. If the latter were 
true, one should have expected a proportional decrease of the catalytic capacities 
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of all glycolytic enzymes, which would have translated into a pure gene-expression 
regulation. In Chapter 2 and 3, the regulation of the glycolytic flux upon nitrogen 
starvation was therefore monitored in time during 24 hours. Yeast cells were grown 
under aerobic glucose-limited chemostat conditions in excess of nitrogen. When 
steady state had been reached, the cultures were shifted to nitrogen-starvation 
conditions, in the presence of an excess of glucose to prevent dual starvation. 
Simultaneously, the cultures were brought to batch conditions, since the cells would 
not grow when starved for nitrogen. The fluxes through glycolysis and its branches 
were monitored, as well as the Vmax’s of the glycolytic and fermentative enzymes. The 
latter were used as a quantitative readout of gene-expression regulation. From these 
data it was calculated to what extent the changes in the fluxes were regulated by gene 
expression and/or metabolism, according to the theory of time-dependent Regulation 
Analysis. The main conclusion of Chapter 2 was that the regulation of the glycolytic 
flux upon nitrogen starvation is distributed among gene expression and metabolism 
in an enzyme-specific manner, even in the first hours after removal of nitrogen. This 
demonstrates that even the initial response is highly specific, rather than dominated 
by unspecific bulk degradation of protein. In Chapter 3 it was subsequently shown 
that the growth conditions prior to the starvation played an important role in the 
regulatory strategy of the yeast. In cells grown under respirofermentative conditions 
gene-expression regulation was dominant, while in cells from respiratory cultures 
metabolic regulation dominated. Under both growth conditions, however, metabolism 
played some role in the regulation of the flux. Therefore, the changes in glycolytic 
metabolites and allosteric regulators were analyzed. The results could explain some 
of the observed metabolic regulation, but not all.

In order to further investigate the nature of the metabolic regulation during 
nitrogen starvation, I planned to implement the obtained data into an existing 
kinetic model of yeast glycolysis. However, before this could be done, the Vmax values 
obtained in Chapters 2 and 3 were redetermined under conditions that resembled 
the intracellular environment. So far, they had been measured under assay conditions 
that were optimized for each enzyme separately to achieve a high activity. The latter 
assay conditions were not necessarily similar to the in vivo environment. Therefore, in 
Chapter 4 an in vivo-like assay medium was developed to measure enzyme activities 
(Vmax) under more physiological conditions. Intracellular concentrations of the small 
ions present in the yeast cytosol were estimated under standard growth conditions. 
A single assay medium was composed that reflected these in vivo conditions. We 
propose that the assay medium presented in Chapter 4 will be a new standard for 
enzyme-activity assays in yeast Systems Biology. 

In Chapter 5 the Vmax’s of the glycolytic enzymes were measured in the new in vivo-
like assay medium, in starved and non-starved cells originating from respiratory and 
respirofermentative cultures. When the new dataset was implemented in an existing 
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kinetic model of yeast glycolysis, the model did not reach steady state, while our 
experimental system did. Therefore, three additional modifications were made to the 
model: (i) addition of the known inhibition of hexokinase by trehalose 6-phosphate, 
(ii) redetermination of the kinetic parameters of glyceraldehyde-3-phosphate 
dehydrogenase under in vivo-like conditions and (iii) addition of the known activation 
of pyruvate kinase by fructose 1,6-bisphosphate. These adaptations improved the 
model such that steady states were obtained for all experimental conditions studied. 
However, for only one condition the predicted fluxes and metabolite concentrations 
corresponded well with the measured values. For the other three conditions extremely 
high fructose 1,6-bisphosphate concentrations were predicted. In order to bring the 
concentration of fructose 1,6-bisphosphate down in the model, whilst maintaining 
a good correspondence to the measured flux, minor adaptation to the kinetics of 
hexokinase and glyceraldehyde-3-phosphate dehydrogenase were necessary. This 
resulted in a good fit for another two conditions, while the correspondence between 
the model and the experiment for the fourth and last condition under study improved 
substantially.

During prolonged nitrogen starvation, protein degradation is essential for 
maintaining sufficiently high free amino-acid levels in the cell. We therefore 
hypothesize that the decrease of the Vmax’s of glycolytic enzymes observed in 
Chapter 2, 3 and 5 should be attributed to degradation of glycolytic enzymes during 
nitrogen starvation. In Chapter 6 we have developed a method for measuring protein 
degradation rates in standardized yeast cultures. The method was based on an 
existing SILAC (stable-isotope labeling by amino acids in cell culture) technique in 
which the loss of stable-isotope label from proteins was monitored in time. The key 
differences between our method and the existing one are (i) our use of a strain which 
is prototrophic for all amino acids and (ii) the use of 15N-labeled ammonium sulfate 
instead of labeled amino acids in our culture medium. These changes of the cultivation 
protocol had dramatic consequences for the label fluxes. The experimental results 
and the simulations of a computational model showed that label from degraded 
proteins was recycled into newly synthesized proteins, and that this influenced 
the estimated protein-degradation rates substantially. Based on the computational 
model we propose that additional determination of label incorporation in the amino-
acid pool will allow to resolve the protein turnover rates in cultures growing on 
ammonium instead of amino acids. The method developed in this chapter is, however, 
not directly suitable for measuring protein degradation in nitrogen-starved cells, 
since 15N-labeled ammonium sulfate is used. A solution could be to use 13C-labeled 
glucose instead of labeled nitrogen.

This thesis showed quantitatively how different levels of cellular regulation play 
a role in the adaptive response of yeast cells to changes in the environment, and 
specifically to nitrogen starvation. In the General Discussion to this thesis (Chapter 
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7) I  analyze, based on results from the Vertical Genomics project as well as literature 
data, whether a general strategy of flux regulation in yeast can be identified. This 
turns out not to be the case. It appears however that cells that remain under 
respirofermentative conditions during a physiological challenge tend to invoke 
more gene-expression regulation, while a shift between respirofermentative and 
respiratory conditions invokes an important contribution of metabolic regulation. 
This analysis may be a first step towards discerning strategies of flux regulation. The 
observed complexity of regulation now brings up the question what is the advantage 
of this highly distributed and condition-dependent flux regulation.
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Eén van de belangrijkste eigenschappen van een levend organisme is het vermogen 
om zich snel aan te passen aan veranderingen in de omgeving. Een voorbeeld hiervan 
is het constant houden van onze lichaamstemperatuur zelfs als de temperatuur van 
de omgeving sterk varieert. Hiervoor zijn in het lichaam verschillende processen 
verantwoordelijk, bijvoorbeeld als het heel warm is gaan we meer zweten omdat de 
verdamping van het zweet ons afkoelt. In dit onderzoek zijn we geïnteresseerd in hoe 
deze processen worden gereguleerd. Nu is dat voor zo’n complex organisme als de 
mens erg ingewikkeld, omdat het lichaam is opgebouwd uit verschillende organen 
en structuren die weer zijn opgebouwd uit verschillende type cellen. Daarom 
concentreert dit type onderzoek zich in eerste instantie op een eencellig organisme. 
In dit onderzoek hebben we gebruik gemaakt van gist.

Gist speelt een belangrijke rol in de levensmiddelenindustrie. Het wordt 
gebruikt voor het bakken van brood en het bereiden van alcoholische dranken. Gist 
kan namelijk suikers omzetten in alcohol en koolzuur. Bij het bakken van brood 
zorgt de productie van koolzuur ervoor dat het brood gaat rijzen en zijn luchtige 
structuur krijgt. Voor de levensmiddelenindustrie worden grote hoeveelheden gist 
geproduceerd. Tijdens het productieproces ervaart de gistcel grote veranderingen in 
de omgeving. In dit project hebben we gekeken naar hoe de gistcel reageert op deze 
veranderingen en hoe de gistcel dit reguleert. De reactie van de gistcel hebben we 
gemeten door te kijken hoe de capaciteit van de omzetting van suikers naar alcohol 
en koolzuur verandert als gevolg van de verandering van de omgeving. Dit is een 
belangrijke parameter van de gist voor de levensmiddelenindustrie, want daar is 
men uiteraard geïnteresseerd in een gist met een hoge omzettingscapaciteit. Door te 
kijken welke processen verantwoordelijk zijn voor deze reactie, zien we hoe de gistcel 
deze reactie reguleert. In deze processen spelen genen, eiwitten en metabolieten een 
belangrijke rol. Genen, ook wel het DNA genoemd, bevatten het erfelijk materiaal 
van de cel en daarmee ook de code van de verschillende eiwitten. Eiwitten hebben 
verschillende functies in de cel en één daarvan is de omzetting van stoffen, zoals 
suikers. Deze stoffen worden ook wel metabolieten genoemd. Genen, eiwitten en 
metabolieten worden ‘de moleculen van het leven’ genoemd. De bestudering van 
de functie van deze moleculen en de interactie tussen de moleculen wordt in de 
wetenschap aangeduid met Systeembiologie. 

Met deze systeembiologische aanpak hebben we in dit onderzoek gekeken naar 
hoe een groeiende gistcel zich aanpast als ineens een belangrijke voedingsbron, in dit 
geval stikstof, wordt weggehaald. Stikstof is essentieel voor het maken van eiwitten in 
de cel. Een gevolg van het weghalen van de stikstof is dat de gistcel stopt met groeien. 
Doordat de gistcel stopt met groeien gaat de cel suikers omzetten in reservesuikers, 
die de gistcel later weer kan gebruiken als er geen suikers meer voor handen zijn. Het 
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weghalen van stikstof gebeurt ook in de praktijk, namelijk om de gist beter houdbaar 
te maken. Zo kun je gist langer bewaren voor je er bijvoorbeeld brood mee gaat 
bakken. Helaas heeft het weghalen van de stikstof ook negatieve effecten. Uit eerder 
onderzoek is gebleken dat onder invloed van het weghalen van de stikstof de gistcel 
steeds slechter presteert in het omzetten van suikers naar alcohol en koolzuur. Dit 
is waarschijnlijk een gevolg van het feit dat de gistcel eiwitten gaat afbreken om 
zodoende weer stikstof vrij te maken.

Dit hebben we onderzocht door op verschillende tijdspunten na het weghalen van 
de stikstof te meten wat er gebeurt met de capaciteit van de omzetting van suikers 
naar alcohol en koolzuur. Tevens hebben we op dezelfde tijdspunten gemeten hoe de 
activiteit van de eiwitten die verantwoordelijk zijn voor deze omzetting verandert en 
wat er gebeurt met de concentraties van de metabolieten die een rol spelen. Uit de 
resultaten is gebleken dat de conditie waaronder de gist groeit een belangrijke rol 
speelt in hoe de gistcel reageert op het weghalen van de stikstof. Groeit de gist onder 
een conditie waarin hij zowel biomassa (meer gist) maakt als alcohol, dan zien we dat 
de omzetting van suikers naar alcohol steeds slechter gaat naarmate de gist langer 
zonder stikstof zit. In een groeiconditie waarin de gist alleen biomassa produceert 
zien we als de stikstof wordt weggehaald dat in eerste instantie de omzetting van 
suikers naar alcohol beter gaat en daarna pas instort. Echter in beide condities 
gaan de activiteiten van de verantwoordelijk eiwitten achteruit. Dit betekent dat de 
aanpassing van de gistcel op het weghalen van de stikstof verschillend is voor de 
twee groeicondities en dat deze op een andere manier wordt gereguleerd. 

Samen met de gemeten concentraties van de metabolieten hebben we 
geprobeerd deze verschillende manieren van regulatie te verklaren door middel 
van een computermodel. Een realistisch computermodel kan de capaciteit van de 
omzetting van suikers naar alcohol en koolzuur voorspellen voor de verschillende 
situaties waarin de gistcel groeit. Om een realistisch computermodel te creëren, 
was het noodzakelijk om de activiteiten van de verantwoordelijke eiwitten te meten 
onder condities die zo dicht mogelijk bij de situatie in de gistcel liggen. Voorheen 
werden deze activiteiten gemeten onder condities die optimaal waren voor elk eiwit. 
Het was dus essentieel om een reactiemedium te ontwikkelen dat de situatie van de 
gistcel nabootste en voor elk eiwit gelijk was. Met de eiwitactiviteiten gemeten in dit 
reactiemedium kon het computermodel inderdaad de capaciteit van het omzetten 
van suikers naar alcohol en koolzuur goed voorspellen. Kortom de berekeningen van 
het computermodel kwamen overeen met de gemeten capaciteiten.  

Uit de resultaten dat de activiteiten van de verantwoordelijke eiwitten in beide 
groeicondities achteruit gaan, blijkt dat door het weghalen van de stikstof het 
afbreken van eiwitten wordt gestimuleerd. Dit proces speelt dus een belangrijke rol 
in de regulatie. Daarom hebben we een nieuwe methode te ontwikkelen waarmee 
we de snelheid van de eiwitafbraak kunnen meten voor elk specifiek eiwit. Dit was 
een project dat naast het hierboven beschreven onderzoek heeft plaatsgevonden. 
Deze nieuwe methode is in eerste instantie ontwikkeld voor een standaard 
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groeiconditie, dus niet voor de conditie waarin we de stikstof weghalen, omdat dit 
een extra complicatie met zich meebracht. We hebben veel vooruitgang geboekt in 
het ontwikkelen van deze nieuwe methode, maar er zijn nog meer experimenten 
voor nodig om de techniek verder te optimaliseren. Dit zal zeker in de toekomst 
worden voortgezet.

In dit proefschrift hebben we gekeken naar hoe de gistcel de aanpassing op een 
verandering in de omgeving, in dit geval het weghalen van stikstof, reguleert. De 
resultaten van dit onderzoek, maar ook van ander onderzoek hebben laten zien dat 
de situatie waarin de gist groeit hier een belangrijke rol in speelt. Helaas blijft het 
lastig om precies te bepalen wat de strategie van de gistcel is om bepaalde situaties 
te overleven. In de toekomst zal dus meer gekeken moeten worden naar de vraag: 
Waarom komt de regulatie van de aanpassing van organisme op een verandering in de 
omgeving op deze manier tot stand?
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Er zijn verschillende mensen die hebben bijgedragen aan het tot stand komen van 
dit proefschrift en nu dit proefschrift voor jullie ligt is het tijd om diegenen hiervoor 
te bedanken.

Allereerst natuurlijk Barbara en Hans, als jullie me destijds de kans niet hadden 
gegeven om bij jullie mijn promotieonderzoek te komen doen dan was dit proefschrift 
er nooit geweest. Barbara, ik ben blij dat ik jou de afgelopen jaren als begeleidster heb 
gehad. Je stond altijd klaar met je goede adviezen, maar gaf me ook de mogelijkheid 
om zelf mijn onderzoek te leiden. Ik heb enorm veel van je geleerd en ik hoop nog 
veel van je te leren de komende jaren als postdoc in Groningen. Hans, met Barbara 
als directe begeleidster en door jouw drukke werkzaamheden in Amsterdam en later 
ook in Manchester was het contact tussen ons niet zo frequent. Maar juist die korte 
momentjes van discussie in de koffiekamer of als je de kamer op kwam lopen, zette 
me altijd weer aan het denken en hebben me erg geholpen.

José, onze samenwerking was misschien kort, ach hoewel, het duurt eigenlijk nog 
steeds voort. Je hebt in deze tijd heel veel werk voor mij verzet en zeker ook nog toen 
ik al in Zweden zat. Bijna al je resultaten hebben het boekje gehaald en zijn verwerkt 
in de hoofdstukken 3, 5 en 6. Buiten deze goede resultaten heb ik altijd erg prettig 
met je samengewerkt en kon ik echt van je op aan. Bedankt hiervoor!

Jildau, als postdoc binnen hetzelfde project als mijn promotieonderzoek waren 
we erg op elkaar aangewezen. Hoewel we echt hele andere personen zijn, heb ik 
heel veel aan je gehad. Vooral in de eerste jaren van mijn promotieonderzoek heb 
je me samen met Barbara geholpen met het opzetten van mijn onderzoek. Je was 
altijd erg kritisch, maar ik ben van mening dat dat het onderzoek alleen maar beter 
heeft gemaakt. Bedankt dus voor je grote bijdrage aan dit proefschrift, zelfs tot het 
allerlaatste moment met het beschikbaar stellen van je Indesign template. 

Een andere belangrijke factor in het tot stand komen van dit boekje is natuurlijk 
de afdeling Moleculaire Celfysiologie op de Vrije Universiteit (VU) waar al dit werk 
heeft plaatsgevonden. Een goede werksfeer vind ik heel belangrijk. Ik wil daarvoor 
iedereen bedanken die de afgelopen jaren op de afdeling Moleculaire Celfysiologie 
heeft gewerkt. 

Vanaf dag één heb ik me op deze afdeling thuis gevoeld. Alex, ik weet het nog 
goed, de eerste rondleiding over de labs. Ik dacht dat ik in een doolhof was beland. 
Buiten die eerste dag heb je me vooral de eerste periode van mijn promotie geholpen 
met het onder de knie krijgen van de verschillende technieken en apparaten. Samen 
met Arjen heb je me altijd bijgestaan als de HPLC weer eens niet deed wat ie moest 
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doen. Ook ons wintersportreisje samen met Maartje en Femke blijft altijd in mijn 
herinnering, jammer van die hersenschudding.

Sergio, I continued more or less your project. You answered all my questions and 
I really liked the discussions that we had. Thanks!

 Marijke, Klaas en Willem, jullie kan ik wel in één adem noemen. De vaste basis 
van de koffiekamer, altijd tijd voor een lekker bakkie koffie of thee en natuurlijk de 
kletspraat die daarbij hoort. Ik vind die sociale momentjes altijd erg belangrijk op het 
werk. Marijke, ik ben jou heel erg gaan waarderen als collega. Je werkte aan iets heel 
anders, maar mede doordat we labgenoten waren hebben we in de loop der jaren 
een hechte werkrelatie ontwikkeld. Ik ben dan ook blij dat we ook nu nog met elkaar 
samenwerken, al is het dan op afstand. Klaas, voor jou geldt eigenlijk hetzelfde, ook jij 
was altijd in voor een koffie/theepauze. Maar buiten dat was je samen met Willem en 
vaak ook Dirk mijn vaste maatje om naar de Stelling te gaan. Dat eindigde dan meestal 
in een ‘Reus’ of ‘Gaai’ bij het ‘Belgje’ en een afzakkertje bij Eijlders. Moeten we zeker 
weer een keer doen als ik in Amsterdam ben. Verder wil ik je nog bedanken voor 
je bijdrage aan het computermodel omtrent de eiwitdegradatie (hoofdstuk 6). Het 
was een goed startpunt voor het uiteindelijke model. Willem, helaas verliet je op een 
gegeven moment de afdeling waardoor we elkaar niet meer dagelijks zagen. Gelukkig 
maakte je dit ruimschoots goed door af en toe in de koffiekamer te verschijnen en 
niet te vergeten onze bezoekjes aan de Stelling en Eijlders 

Jeannet, jou moet ik bedanken voor het regelen van alle rand- en bijzaken omtrent 
mijn promotie en tijdens mijn actieve periode op de afdeling. In het begin vond ik je 
wat moeilijk te peilen, maar al snel leerde ik je kennen en stond je altijd voor me klaar 
(ook nu nog). We waren samen meestal als eerste op de afdeling en dat schept toch 
een soort van band. 

Tijdens de vierenhalf jaar dat ik op de VU werkzaam was heb ik hulp gehad van 
een vijftal studenten: Asta, Marlon, Pieter, Frank en Bram. Met sommigen verliep de 
samenwerking wat moeizaam, maar uiteindelijk hebben jullie allemaal bijgedragen 
aan dit proefschrift. Ik heb veel van jullie geleerd en ik hoop dat jullie ook wat van mij 
hebben geleerd. Bedankt!

Mijn promotieonderzoek was onderdeel van het ‘Vertical Genomics’ project. De 
samenwerking met mijn collega’s binnen dit project heb ik als erg plezierig ervaren. 
Ik wil het hele ‘Vertical Genomics’ consortium hiervoor bedanken. Special thanks 
to the executive researchers of this consortium: André, Ronald, Jarne, Isil and Joost. 
André and Walter, thanks for the analysis of my metabolite samples. André, I really 
enjoyed our close collaboration and interesting discussions. Ronald bedankt voor je 
bijdrage in het ontwikkelen van de methode om eiwitdegradatiesnelheden te kunnen 
meten. Zonder de mass spectrometry groep was dit niet gelukt, dus ook Chris en Leo 
daarvoor bedankt. Hopelijk kunnen we met nog een aantal extra experimenten dit 
werk publiceren. 

I am very grateful for the critical feedback of all academic partners within the 
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‘Vertical Genomics’ project as well as the industrial partners and the IOP contacts. 
The discussions during our project meetings helped me a lot.

I would like to thank  Jens Nielsen (YSBN) and Carsten Kettner (STRENDA) for 
their input in the development of the assay medium for measuring the enzyme 
activities under in vivo-like conditions. 

Between the finishing of my contract at the VU and the finishing of the thesis, 
I have worked for a year in Sweden at the Food Science department of Chalmers 
University in Göteborg. It was a hard time working in a new job and finishing the 
writing of my thesis. For this I would like to thank my colleagues there for the nice 
time and support. 

Na dit jaar Zweden ben ik aan een nieuwe baan begonnen als postdoc in het centrum 
voor Lever, Darm en Stofwisselingsziekten op de afdeling kindergeneeskunde van het 
UMCG in Groningen. Hier heb ik de laatste eindjes van mijn proefschrift aan elkaar 
geknoopt. Ik wil iedereen op de afdeling bedanken voor de gezelligheid en steun voor 
deze laatste loodjes.

Als laatste en misschien wel het belangrijkste wil ik mijn familie en vrienden 
bedanken voor alle steun. Het klinkt misschien raar, maar zonder jullie had ik het 
niet gered. 

De ontspanning die ik vind tijdens het tafeltennissen is van groot belang om 
tijdens het werk scherp en gemotiveerd te blijven. Mijn tafeltennisclubbie ATTC 
speelt al jarenlang een belangrijke rol in mijn leven en geeft me de mogelijkheid 
om volledig afstand te kunnen nemen van het werk. Corina en Sylvia, jullie weten 
dan misschien wel niet precies waar ik mee bezig ben, maar wat maakt dat uit. Jullie 
staan wel altijd voor me klaar en dat is het belangrijkst. Mirjam, ik wil je bij deze 
bedanken voor het nalezen van mijn samenvatting voor familie en vrienden. Het feit 
dat jij er taaltechnisch en inhoudelijk naar kon kijken heeft mij enorm geholpen om 
een duidelijk verhaal op te schrijven. Nu maar hopen dat iedereen het begrijpt. 

En dan tot slot de allerbelangrijkste personen in mijn leven. Lieve pap en mam 
ik weet eigenlijk niet hoe ik jullie moet bedanken voor alle steun die jullie me de 
afgelopen jaren hebben gegeven. En dan niet alleen tijdens mijn promotie, maar ook 
alle jaren daarvoor. Jullie hebben me gevormd tot wat ik nu ben. Jullie remmen me 
af als ik mezelf dreig voorbij te lopen en dit met name op jullie afreageer. André, 
grote lieve broer, we verschillen wel eens van mening, maar ik kan niet zonder je. 
Ook jouw steun heeft ervoor gezorgd dat dit boekje nu voor je ligt. Bedankt en ik hou 
van jullie!!!
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