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Abstract

Metabolism underpins cellular function by supplying energy, biosynthetic precursors, and redox balance and in yeast there
are thousands of metabolic reactions that are tightly coordinated through multilayered regulation. The yeast Saccharomyces
cerevisiae has become a central model for studying metabolism and its regulation and following publication of its genome in
1996, this yeast became pivotal in systems biology. Systems biology integrates experimental data with mathematical modeling
to analyse complex cellular networks. A major advance for metabolic analysis was the development of flux balance analysis
and genome sequencing enabled reconstruction of the first genome-scale metabolic model (GEM) for yeast. This initial GEM
described how hundreds of genes, reactions, and metabolites interact across compartments. Subsequent models, including
Yeast8 and Yeast9, expanded the coverage and predictive power, and these models enable metabolic comparison, physiolog-
ical analysis, omics integration, and design of strains that can be used for production of chemicals and biopharmaceuticals.
Overall, S. cerevisiae remains a cornerstone of systems biology and biotechnology, with continued advances expected in inte-

grative modeling and engineering applications.
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Introduction

Metabolism is at the core of cellular function as it provides the
Gibbs free energy required for cell growth and maintenance, build-
ing blocks for synthesis of cellular components, and ensures han-
dling of electron flows. In yeast cells, there are thousands of dif-
ferent metabolic reactions and to ensure that the fluxes through
these different reactions are coordinated by complex regulatory
systems that have evolved. These engage transcriptional regu-
lation, translational regulation, and posttranslational regulation,
such as protein modifications and metabolite-enzyme interac-
tions. The yeast Saccharomyces cerevisiae has evolved as a very
important model organism for studies of these different regulatory
processes (Nielsen 2025), illustrated in elucidation of the so-called
GAL-regulon that ensures expression of enzymes involved in galac-
tose metabolism (Ostergaard et al. 2000, Ideker et al. 2001, Hong
etal.2011).

When the genome sequence of S. cerevisiae became available
in 1996 its role as a model organism was further cemented, partic-
ularly in the field of systems biology, where the objective is to use
mathematical models for description of biological processes for
gaining new mechanistic insight into their function. A key driver
for this was multilaboratory efforts to functional characterize the
yeast genome, e.g. the EUROFAN project (Goffeau 2000), as well as
many early developments of omics analysis, e.g. the first genome-
wide transcriptome analysis (DeRisi et al. 1997), extensive pro-
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teome analysis (Washburn et al. 2001) and protein-protein inter-
action analysis (Uetz et al. 2000). These studies were instrumental
in advancing the fundamental understanding of the physiology of
S. cerevisiae as well as ensuring an extremely well-characterized
genome with a high fraction of the genes being annotated with a
function.

Here, | will briefly review how S. cerevisiae became a central or-
ganism in systems biology, in particular in the field of studying
yeast metabolism, and | will at the end give some perspectives on
the future of systems biology of yeast metabolism.

Early systems biology studies of
yeast metabolism

Systems Biology is the study of complex biological systems by
analysing how many different components, i.e. genes, proteins,
and metabolites, interact to exert cellular functions. It employs
a holistic approach, where experimental data are combined with
computational and mathematical modeling to predict biological
functions. Even though mathematical models have been used
for description of biological processes for a long time, including
for studies of evolution and species interactions, e.g. the Lotka-
Volterra model that was developed for description of predator-
prey interactions, their use for modeling cellular growth and cel-
lular processes expanded in the 1960s when Aris, Fredrickson and
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Table 1 Typical metabolite concentrations, fluxes through the metabolites, and turnover times for key intracellular metabolites in yeast cells.

Net production rate?

Concentration level

Metabolite (mmoles/g DW/h) (wmoles/g DW) Turnover times?
ATP 40 2-4 <1ls
Glycolytic intermediates 20 0.1-5.0 <1s
Amino acids 0.4 50 ~5 min3

1Calculated based on a maximum specific growth rate of about 0.4 h—* and a biomass yield of about 0.1 g DW/g glucose, i.e. typical representative numbers for
maximum specific growth rate of S. cerevisiae, meaning fermentative metabolism with a very high glycolytic flux. At respiratory conditions, the net production rates
of glycolytic intermediates will be about 10-fold lower, but ATP production will be in the same order of magnitude as it scales linearly with the specific growth rate.
2 For both glycolytic intermediates and amino acids there is some variation. For glycolytic intermediates, glucose-6-phosphate and fructose-1,6-bisphosphate have
the highest concentration and they may have turnover times in the order of a few seconds at respiratory conditions. DW: dry weight.

3 Even though a turnover time of about 5 min for amino acids is much higher than for the other metabolites, this is still short compared with the turnover time for a

cell, e.g. a doubling time of 1-2 h for S. cerevisiae.

others developed a solid mathematical framework for describing
growth kinetics of cells (Tsuchiya et al. 1966). These first models
were relatively rudimentary, but in the 1980s they led to the devel-
opment of quite detailed models for Escherichia coli, e.g. the Cor-
nell model that was the first single cell model (Shuler et al. 1979)
and several models developed by Lee and Bailey for description of
plasmid-cell interaction (see e.g. Lee and Bailey 1984).

For studying metabolism, a major breakthrough was the devel-
opment of the concept of flux balance analysis by Aiba (Aiba and
Matsuoka 1979). Flux balance analysis is based on a simple princi-
ple, i.e. that all fluxes producing a specific metabolite equal the
fluxes that convert this metabolite to other metabolites. Clearly
there cannot always be balancing of fluxes through all the metabo-
lites inside the cells, as this would not allow the concentration
of these metabolites to change over time. However, the turnover
times of intracellular metabolites, i.e. metabolite concentrations
divided by the fluxes through the metabolite, is for most metabo-
lites in the order of seconds due to the very low concentrations
of most cellular metabolites (Table 1). This means that just a few
seconds without flux balancing can lead to a significant change in
the metabolite concentration, and hereby to a new “steady state”
condition with flux balancing. Amino acids are presentin relatively
high concentrations inside the cell due to the relatively high Kp,
values for binding of amino acids to the tRNAs, and these metabo-
lites therefore have turnover times of intracellular metabolites in
the order of minutes (Table 1). However, still compared with the
time constant of cellular growth that is in the order of hours flux
balancing is a reasonable assumption also for amino acids.

The concept of flux balance analysis basically provides a mod-
elling framework where it is possible to set-up a set of algebraic
equations that link all the metabolic fluxes (Fig. 1A). This set of
equations can be solved either through measuring a certain set
of fluxes, e.g. typically uptake and secretion fluxes from the cell,
or through defining an objective function and then use linear pro-
gramming to identify a set of fluxes that comply with the objec-
tive function. The first to use flux balance analysis for character-
ization of yeast metabolism was van Gulik and Heijnen (van Gu-
lik and Heijnen 1995). Using a 88 metabolic reactions, where the
P/O ratio and the ATP maintenance consumption rate was defined
as parameters they could calculate metabolic fluxes using linear
programming during aerobic growth on glucose and ethanol. Sub-
sequently we developed a slightly simpler model with 37 reac-
tions and 43 metabolites to do flux balance analysis for studies
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Figure 1 Flux balance analysis (FBA) and its applications. (A) lllustration
of the basic concepts of FBA for a simple metabolic network. Balancing
around the three metabolites A, B, and C provides three constraints on the
six metabolic fluxes. Through measurement of three fluxes, e.g. substrate
uptake rate (v;) and production rate for two of the three products (vs, v4,
or vg) the three other fluxes can be calculated. Alternatively, linear
programming can be applied by defining an objective function, e.g.
optimize production of P; in which case v; = vs = v and the three other
fluxes are zero. When linear programming is applied it is necessary to
define one input flux, e.g. v;. (B) When the FBA concept is applied to a
large metabolic network it is possible to reconstruct a genome-scale
metabolic model (GEM), where the stoichiometric coefficients for the
different metabolic reactions are assembled in a stoichiometric matrix S.
Reactions are in the columns and metabolites in the rows, e.g. metabolite
number two is produced in the first reaction and consumed in the second
reaction and is not involved in any other reaction. (C) GEMs find a wide
range of applications with four typical applications being: (1) comparison
of metabolic capabilities of different strains/species; (2) physiological
analysis, e.g. identification of essential and nonessential reactions; (3)
overlaying the metabolic network with omics type data, e.g.
transcriptome or proteome data, to gain new insight into coregulated
parts of metabolism; and (4) design of metabolic engineering strategies.

of yeast metabolism at anaerobic growth (Nissen et al. 1997), and
by using the model we could calculate the fluxes in the central
carbon metabolism of yeast and hereby identify a key role of a
mitochondrial alcohol dehydrogenase (Adh3) in maintaining re-
dox balancing in the mitochondria at anaerobic conditions (Nis-
sen et al. 1997). These early flux balance analysis studies were to
a large extent relying on earlier work of Oura, who had conducted
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foundational work on the metabolism of S. cerevisiae. Through a
detailed mapping of enzymes in the central carbon metabolism,
he showed how biotin deficiency affected yeast metabolism as
well as clearly demonstrated how metabolism changed in re-
sponse to aeration (Oura 1974, Oura 1978). His work was also in-
strumental in determining the biochemical composition of yeast,
which was important for defining the so-called biomass equation,
i.e. defining the stoichiometry for conversion of cellular building
blocks into biomass. Later studies, including our analysis of anaer-
obic growth (Nissen et al. 1997), confirmed that the biomass com-
position of yeast is remarkably constant across different growth
conditions, which has been quite important for later modeling ef-
forts.

Flux balance models are often underdetermined systems,
meaning that it will not be possible to calculate the fluxes with-
out either measurements of many fluxes or using linear program-
ming, where an objective function has to be defined (Fig. 1A). Even
though maximizing growth or minimizing substrate uptake is of-
ten found to be a biologically reasonable objective function (Is-
lam et al. 2025), flux balance analysis based on linear program-
ming will not necessarily provide a unique solution in terms of the
fluxes as several different operations of metabolism may satisfy
the objective function. To overcome this problem, it is necessary
to add additional constraints. The use of 3C-labeled substrates
coupled with measurements of the labeling pattern in intracel-
lular metabolites, such as amino acids provides such additional
constraints (Nielsen 2003). This concept therefore gained much
interest in flux quantification in the late 1990s and early 2000s,
and we were the first to quantify fluxes in yeast using this con-
cept (Gombert et al. 2001). By analysis of yeast grown in batch and
chemostat cultures it was possible for the first time to get insight
into how fluxes distribute between the different pathways of the
central carbon metabolism at fermentative and respiratory condi-
tions.

Genome-scale metabolic models

Even though the first examples of flux analysis mentioned
above enabled much new insight into the function of cellular
metabolism, the models were relatively simple and only covered
the central carbon metabolism. However, with the availability of
the genome sequence of yeast (Goffeau et al. 1996) it became pos-
sible to identify all the metabolic capabilities of yeast. This led
to the reconstruction of the first genome-scale metabolic model
(GEM) for yeast (Forster et al. 2003a), which also was the first GEM
for an eukaryal organism and therefore the first model to consider
compartmentalized metabolism, i.e. separation of metabolic re-
actions in the mitochondria and the cytoplasm. This model de-
scribed how 708 genes encode enzymes carrying out 1145 reac-
tions connecting 825 metabolites. In this first model there were
several gaps in the metabolic networks, i.e. not all reactions were
associated with an enzyme/gene, that were filled based on knowl-
edge of metabolic capabilities of yeast, e.g. when this model was
reconstructed not all enzymes of the ergosterol biosynthetic path-
way had been identified but it was known that yeast could synthe-
size ergosterol so all reactions toward this lipid were included in
the model. Besides providing a network of how genes, enzymes
and metabolites are connected a GEM is also a mathematical rep-
resentation of metabolism in the form a stoichiometric matrix that

collects the stoichiometric coefficients for all the reactions in the
metabolic network (Fig. 1B). This stoichiometric matrix can be di-
rectly used to generate the flux balance equations that can be used
for calculation of metabolic fluxes.

Over the years the first yeast GEM was further updated by dif-
ferent research groups, e.g. with expanded description of dif-
ferent compartments (Duarte et al. 2004) and lipid metabolism
(Nookaew et al. 2008), but in 2008 the yeast research commu-
nity gathered to reconstruct a consensus GEM for yeast referred
to as Yeastl (Herrgard et al. 2008). This model described how
888 genes encode enzymes carrying out 1761 reactions connect-
ing 1168 metabolites, and it included many more compartments
than the original model. Over the years Yeastl was further up-
dated through adding more reactions and improved connectivity
between reactions, enzymes, and genes, but these modifications
were not tracked in a formalized fashion. With the introduction of
Yeast8, this was changed as the model was reposited in GitHub (Lu
et al. 2019), which allowed different researchers to work in paral-
lel on model development like how software engineers work on
software development. The Yeast8 paper was a very comprehen-
sive model with 1133 genes, 3949 reactions, and 2680 metabo-
lites, i.e. itadded more than 200 new genes compared with Yeast7.
In the development of Yeast8, and subsequent models, the Yeast
Metabolome Database (Ramirez-Gaona et al. 2017) played a very
important role as an annotated resource of identified metabolites
in yeast, and this clearly demonstrates the importance of main-
taining valuable databases like this as well as the Saccharomyces
Genome Database. The model also formed the basis for explor-
ing the pan-metabolism of S. cerevisiae through reconstruction of
a GEM based on the pan-genome of 1011 yeast strains and us-
ing the pan-GEM it was possible to easily reconstruct strain spe-
cific GEMs for the 1011 different yeast strains. Hereby variations
in yeast metabolism with S. cerevisiae strains could be examined,
and even though there is a relatively large genomic variation of
the 1011 strains, i.e. with the core genome being about 5000 genes
with about 1000 auxilliary genes, there is only few metabolic dif-
ferences among the strains (Lu et al. 2019). With the introduction
of the GitHub platform, it was possible to have version control
of model improvements, and the whole yeast community could
therefore be engaged in model improvements.

This resulted in continuous improvements and launch of sev-
eral new versions, and in 2024 this led to launch of Yeast9 com-
prising 1162 genes, 4130 reactions, and 2805 metabolites (Zhang
et al. 2024). Besides the expanded coverage of metabolism by
Yeast9, the model also had improved quality in terms of connec-
tivity and predictive capabilities (Zhang et al. 2024). The contin-
uous development and improvement of the yeast GEMs illustrate
very well that these models can continuously be improved when
new knowledge is obtained, and at the same time they represent
a library of metabolic knowledge for the organism. More recently
machine learning was used to identify so-called underground
metabolism of yeast, i.e. reactions carried out due to promiscuity
of the enzymes, and this resulted in the generation of a model cov-
ering 59 914 reactions covering 16 244 metabolites and linked to
2057 genes (Wu et al. 2026). This model demonstrated how many
enzymes can carry out additional functions, which can be chal-
lenging in metabolic engineering as it can lead to unpredicted side
reactions. This model is therefore a valuable tool for further ad-
vancing metabolic engineering of yeast in the future. GEMs have
many different applications (Osterlund et al. 2012), but among
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these four stands out (Fig. 1C): (1) metabolic network comparison;
(2) physiological analysis, e.g. genome essentiality; (3) integra-
tion with omics analysis; and (4) prediction of metabolic engineer-
ing targets. The use of the Yeast8 GEM for analysis of metabolic
diversity among different S. cerevisiae strains was already men-
tioned above, but Yeast8 could also be used as a scaffold for gen-
erating GEMs for 322 different yeast species (Lu et al. 2021). This
enabled analysis of how different metabolic capabilities in these
yeast species had been acquired, in many cases through horizon-
tal gene transfer or enzyme promiscuity, but also that gene loss
results in loss of metabolic capabilities not required in ecologi-
cal niches where different yeast species have evolved (Lu et al.
2021). Yeast GEMs have also played an important role in obtain-
ing new physiological insight into yeast metabolism. Initially fo-
cus was on getting new insight into gene essentiality (Forster et
al. 2003b), but yeast GEMs have also been useful for getting in-
sight into metabolic capabilities for growth on different carbon
sources (Lu et al. 2021). GEMs represents a well-curated network
graph of how genes, proteins, and metabolites are connected, and
they have therefore served as a very important scaffold for analy-
sis of omics data. This was first demonstrated for use of transcrip-
tome data to identify either coregulated metabolic networks or
so-called reporter metabolites that are metabolites around which
there are large transcriptional changes in response to genetic or
environmental perturbations (Patil and Nielsen 2005). This con-
ceptenabled much betterinsightinto how metabolismis respond-
ing to different perturbations, and it was further developed to also
enable analysis of metabolomics data (Cakir et al. 2006). This con-
cept resulted in development of general bioinformatics tools like
PIANO for integrative analysis of omics data (Varemo et al. 2013).
Thisapproach has been found to easy transfer for analysis of omics
data from human cells and was demonstrated to be useful foriden-
tification of novel biomarkers for cancer (Gatto et al. 2014, 2016),
and it again emphasizes the value of developing experimental and
computational concepts for yeast as these easily translate for anal-
ysis of human biology.

Probably the most extensive application of GEMs have been in
the field of metabolic engineering (Nielsen and Keasling 2016),
where GEMs have been used for identification of targets for ge-
netic engineering that will result inimproved phenotype for a spe-
cific application, e.g. improved production of a specific metabo-
lite. One example of this was identification that CO, fixation was
a limiting factor for high-level production of 3-hydroxypropionic
acid, a chemical that can be used for production of acrylic acid that
serves as a precursor for super-absorbent acrylic acid used in e.g.
diapers (Qin et al. 2024). Another example is the identification of
targets for improved production of heme by yeast which enabled
high-level production of human hemoglobin that can be used as a
oxygen carrier in blood substitutes (Ishchuk et al. 2022).

Even though there are many examples of how GEMs have been
used in metabolic engineering, a limitation has been their pre-
dictive power of metabolic fluxes. Through development of en-
zyme constrained GEMs, so-called ecGEMs, where the flux through
each reaction is constrained by the product of the catalytic capac-
ity, given as k., and the enzyme concentration (Sanchez et al.
2017) (see Fig. 2). The k4t has been determined for many enzymes
and can be collected from various databases (Sanchez et al. 2017),
and if not experimentally determined k. values can be predicted
from the amino acid sequence using artificial intelligence (Li et
al. 2022a, 2023). If proteomics data is available the enzyme con-
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Figure 2 Illustration of the concept of proteome constraints. For a
metabolic network model, the flux balancing constraints are combined
with kinetic constraints that specify that any flux cannot attain a value
larger than the product of the catalytic capacity of the enzyme (k) and
the enzyme concentration (E;). The enzyme concentration is given as
mass per unit biomass mass, and this is also defined as the product of the
number of enzymes per unit of biomass times the molecular mass of the
enzyme. Thus, even for enzymes present in low amounts within the cell
can still account for a large enzyme concentration of their molecular
weight is high. In addition to the flux balancing and kinetic constraints,
the cells also need to manage their proteome budget and there is
therefore a proteome constraint, i.e. the sum of enzyme concentrations
(or enzyme number times enzyme molecular weights) equals the amount
of proteome allocated for metabolic enzymes. This is typically about 50%
of the proteome mass, and is surprisingly constant across different
environmental conditions.

centration is known for most enzymes, but often proteomics data
are not available. In these cases, it can be assumed that the to-
tal proteome mass within a cell allocated to enzymes is constant
(Sanchez et al. 2017). ecGEMs have been shown to have much im-
proved predictive strength compared with traditional GEMs, and
they can describe complex phenotypes. Thus, an ecGEM can ex-
plain that the Crabtree effect, i.e. the overflow metabolism hap-
pening at high glucose concentrations leading to ethanol produc-
tion in the presence of oxygen excess, is a result of a proteome
mass constraint. Even though the ATP yield on sugar is much lower
during fermentation than during respiration, the amount of ATP
generated per proteome mass allocated to fermentation is higher
than the amount of ATP generated per proteome mass allocated
to respiratory metabolism (Yu and Nielsen 2019). At high specific
growth rates, where the Crabtree sets in and there is overflow
metabolism to ethanol, there is a high demand for ribosomes and
proteome mass allocated for ATP generation therefore has to be
optimized. With theimproved predictive power of ecGEMs they are
very well suited for identification of metabolic engineering targets
and in a recent study an ecGEM was used to identify targets for
improving more than 103 different metabolites (Domenzain et al.
2025). The concept of ecGEMs has been shown to easily transfer
for description of other species (Domenzain et al. 2022) as well as
it could be extended to cover description of protein secretion and
hereby be used for identification of how recombinant protein pro-
duction by yeast can be improved (Li et al. 2022b).

An extension of ecGEMs are models where reactions describing
transcription and translation are added to the model, so-called
proteome constrained models (pcGEMs), and such a model has
also been reconstructed for yeast (Elsemman et al. 2022). The
strength of this model is that it could provide insight into how
proteome constraints in different cellular compartments, e.g. the
mitochondria, determines phenotype as well as correctly pre-
dict how expression of heterologous proteins impacts cellular
growth as well as many other fundamental features of cellular bi-
ology (Elsemman et al. 2022). The proteome constrained models
are far more comprehensive than the ecGEMs, which has caused
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challenges with simulation time. Oftadeh et al. (2021) therefore
introduced a simplified formulation of these models, the so-called
ETFL formulation, that significantly improved the applicability
and also enabled introduction of thermodynamic constraints. The
model captured all key features of yeast physiology, i.e. specific
growth rate on different carbon sources and the Crabtree effect.

The future of yeast systems biology

The yeast S. cerevisiae has evolved to be a very important model
organism (Botstein and Fink 2011), and it has therefore also been
used extensively for systems biology studies (Nielsen 2025). Thus,
many omics technologies were first developed for S. cerevisiae
and key regulatory pathways were studied using a systems biology
approach, e.g. the GAL regulon (Ideker et al. 2001) and the high-
osmotic glycerol pathway (Klipp et al. 2005). As discussed above,
the development of yeast GEMs has also pioneered development
of this model type for other organisms. Even though much exper-
imental research on eukaryal biology has shifted to the use of hu-
man cell lines, yeast still serves as an important model organism
due to the vast amount of data available for yeast, the ability to
carry out well controlled experiments with yeast, and the availabil-
ity of large strain libraries, e.g. gene deletions and GFP-tagging of
all proteins, yeast is still used widely as an eukaryal model organ-
ism. This is also due to its important role as cell factory, where it
undisputably is the most widely used cell factory for production of
fuels, chemicals, foods, beverages, and pharmaceuticals.

Opportunities for future research on systems biology of yeast
metabolism would be to add more information about regulation.
There has been made attempts to add regulatory pathways to
GEMs, but these have been relatively simple models only consider-
ing a few regulatory pathways, e.g. the Snfl pathway (Osterberg et
al.2021). To develop fully functional models that will be able to de-
scribe functional pathways in response to different environmental
conditions, it will be necessary to develop models that integrate
everything from nutrient sensing to regulatory pathways involved
in gene expression. The challenge with development of such mod-
els is that information is still sparce and the kinetics is not suf-
ficiently well understood. However, here Al models may have a
role to play as these models are excellent in connectinginputs, i.e.
environmental conditions, with outputs, i.e. gene expression, and
considering the very large data sets available for gene expression
in S. cerevisiae it should be possible to develop an Al agent that can
connect environmental conditions with gene expression. If devel-
oping such an Al agent is combined with a large-language model
harvesting information from literature, it will even be possible to
map how key regulatory pathways are operating at different en-
vironmental conditions. Such Al agents could easily be integrated
with ecGEMs or pcGEMs and hereby provide almost complete de-
scription of yeast functions. Besides application in metabolic en-
gineering, such models could also be used for identification of as-
pects of regulation that are functioning but for which there are no
mechanistic understanding available and hereby also drive basic
biological research.

Thus, there are many opportunities for still advancing systems
biology, and | am therefore confident that the yeast S. cerevisiae
will continue to serve as an important model organism, in particu-
lar in the field of systems biology where yeast has clearly demon-
strated that models developed for this organism can easily be

translated for studies of human biology (Nielsen and Petranovic
2025).
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