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Summary

Systems biology strives to understand how the behavior of living systems is emerg-
ing from the underlying diverse and complex molecular interactions. It builds (i) on
large-scale data sets that harbor preferably the quantitative amounts of all interacting
molecules, (ii) on computational tools for the analysis of such data sets, and (iii) on math-
ematical models to �nally obtain system-level understanding. Nowadays, advances in
high-throughput experimental omics techniques drives systems biology forward through
providing a system-level perspective on biological networks. However, due to the large
size of the generated data sets, they can hardly be understood or interpreted directly. In
order to bene�t from the information that is contained in these data sets, computational
data analysis tools are essential. Here, models are valuable tools to enhance the com-
putational data analysis next to their essential role in describing the system behavior
to gain system-level understanding. Consequently, with the advances in experimental
technologies the importance of computational tools to interpret these data and models
as semantic tools to administer the gained knowledge increases.
Centered on microbial metabolism, the di�erent chapters of this thesis cover on the

one hand models and model-based data analyses and on the other hand the application
of advanced experimental technologies. On the modeling side, computational tools (i) for
assisting the reconstruction of genome-scale stoichiometric models of the metabolic net-
work, (ii) for analyzing quantitative metabolomics data, and (iii) for inferring metabolic
activities from measured metabolite concentrations were developed. On the experimen-
tal side, state-of-the art quantitative omics data sets were generated and exploited (iv)
to compare the metabolic state of two S. cerevisiae strains in detail and (v) to monitor
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Summary

the metabolic reprogramming of S. cerevisiae undergoing a substrate switch from glucose
to ethanol.

Chapter 2 focuses on the reconstruction of large-scale models of metabolic networks.
The genome-scale stoichiometric network models have particularly proven to be a valu-
able tool in systems biology. They are composed of the metabolic reactions' stoichiom-
etry and assignments of the reactions' reversibility or irreversibility and thus de�ne
an organism's metabolic capacity to convert substrates into biomass, energy, and by-
products. In the reconstruction process, a �rst version of the model typically comprises
a list of metabolic enzymes that are identi�ed from the annotated genome. Whereas
signi�cant e�orts have been put into the development of computational tools for identi-
fying and compiling such organism-speci�c lists of metabolic reactions, the de�nition of
the thermodynamic constraints in terms of reaction directionalities is a tedious manual
process. For an automated and systematic assignment of thermodynamically reasonable
reaction direction restrictions, an algorithm based on thermodynamics, network topol-
ogy, and heuristic rules was developed. It assigns reaction directions in metabolic models
such that the reaction network is thermodynamically feasible with respect to the pro-
duction of energy equivalents. The applicability of the algorithm was demonstrated on a
genome-scale metabolic model of Escherichia coli. Although not being fully comprehen-
sive, the presented algorithm could de�ne a signi�cant number of irreversible reactions
automatically with low computational e�ort. It can be a valuable part of a computa-
tional framework that assists the automated reconstruction of genome-scale metabolic
models.

In Chapter 3, next to such stoichiometric metabolic network models thermodynamic
constraints were employed to analyze large-scale quantitative metabolomics data: Here,
a framework for mechanistic and model-based analysis of these data - the network-
embedded thermodynamic analysis (NET analysis) - is introduced. By exploiting the
second law of thermodynamics and the metabolites' Gibbs energies of formation, NET
analysis allows for inferring functional principles and identi�es reactions that are most
likely subject to active allosteric or genetic regulation as exempli�ed with quantitative
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metabolome data from E. coli and Saccharomyces cerevisiae. Moreover, the optimization
framework of NET analysis demonstrated to be a valuable tool to systematically inves-
tigate data sets for consistency, for the extension of sub-omic metabolome data sets, and
for resolving intracompartmental concentrations from cell-averaged metabolome data.
Without requiring any kind of kinetic modeling, NET analysis represents a scalable and
unbiased approach to uncover insights from quantitative metabolome data.

Elucidating intracellular metabolic �uxes is crucial for gaining systems understand-
ing of cellular processes. The standard technique to assess these �uxes experimentally,
namely 13C-based �ux analysis, however, has certain experimental limitations. Having a
broader experimental applicability, in Chapter 4, a novel metabolomics-based approach
for inferring metabolic activities based on mass balances and thermodynamic constraints
was developed. Here, by combining NET analysis with elementary �ux mode (EFM)
analysis, the feasible �uxes de�ned by both, mass balances and thermodynamic con-
straints, are such comprehensively analyzed: All EFMs obtained from a stoichiometric
metabolic model are tested via NET analysis for their thermodynamic feasibility with the
measured metabolite concentrations. To demonstrate the approach, reaction activities
within the pyruvate/ethanol metabolism of either glucose- or ethanol-grown S. cerevisiae
from measured metabolite concentrations were inferred.

In Chapter 5, the glucose repression state of S. cerevisiae CEN.PK 113-D7 and FY4
was compared by quantitative, large-scale proteomics and metabolomics data sets as
well as metabolic �uxes. The wild-types display similar degree of glucose repression on
the �ux level since the biomass and ethanol production yields as well as the respiratory
TCA cycle activities are comparable. Nevertheless, di�erences in protein and metabolite
concentrations were observed which indicated that Hxk2-dependent signaling and regu-
lation is stronger in CEN.PK. Di�erences in signaling and regulatory strengths became
also evident as the glucose repression state on �ux level - indicated by the respiratory
TCA cycle activity - for a genetic perturbation di�ers signi�cantly: While the glucose
repression was maintained in FY4, CEN.PK switched to a respiratory metabolism upon
a ∆hxk2 deletion. It was demonstrated that a point mutation in the CYR1 gene is
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causing this distinct behavior.
Beyond these projects (as described in the appendix), omics techniques were applied

to monitor metabolic changes in S. cerevisiae during a diauxic shift. All phases of this
metabolic reprogramming were characterized by quantitative metabolomics and pro-
teomics data next to the extracellular physiology. Some of the acquired data were
already exploited for the development of the NET/EFM analysis (cf. Chapter 4). The
complete dynamic data set represents a basis for future analysis to elucidate the tem-
poral and causal series of regulatory events acting in response to the altered substrate
availability.
Today, while the technology to generate quantitative omics data sets develops quickly,

the development of generally applicable model-based analysis concepts for such data
lags behind. Therefore, the here developed and also applied model-based approaches
for analysis of large-scale data contribute to the �eld of computational systems biology.
As a case study, S. cerevisiae's metabolism was experimentally analyzed by quantitative
and large-scale data sets.
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Zusammenfassung

Ziel der Systembiologie ist es zu verstehen, wie aus komplexen Wechselwirkungen zwis-
chen Molekülen das Verhalten lebender Systeme entsteht. Die Grundlage für dieses
Verständnis sind (i) grosse Datensätze, die möglichst die vorherrschenden Mengen aller
wechselwirkenden Moleküle quanti�zieren, (ii) rechnergestütze Analyse dieser Daten-
sätze und (iii) mathematische Modelle, die letztendlich Systemverständnis ermöglichen.
Die heutzutage enormen Fortschritte im Bereich der Hochdurchsatz-Analytik, die mit
sogennanten Omik-Daten eine systemweite Perspektive auf biologische Netzwerke bietet,
treiben die Systembiologie voran. Solch grosse Datensätze sind jedoch unübersichtlich
und schwer zu interpretieren. Daher ist rechnergestützte Datenanalyse notwendig, um
die Information, die diese Datensätze beinhalten, aufzudecken. Neben ihrem unab-
dingbaren Einsatz zur Beschreibung des Systemverhaltens, welches ein Systemverständ-
nis ermöglicht, können mathematische Modelle auch die Datenanalyse unterstützen und
verbessern. Mit den Fortschritten in der experimentellen Analytik gewinnen daher
sowohl rechnergestützte Werkzeuge zur Interpretation der erzeugten Datensätze als auch
Modelle zur semantischen Beschreibung des erlangten Wissens an Bedeutung.
Der mikrobielle Sto�wechsel steht im Mittelpunkt dieser Arbeit, die sich auf der einen

Seite mit Modellen und modellbasierter Datenanalyse und auf der anderen Seite mit dem
Einsatz moderner experimenteller Analytik befasst. Im Bereich der Modellierung wur-
den rechnergestützte Methoden entwickelt, um (i) die Modellbildung genomweiter stö-
chiometrischer Modelle des metabolischen Netzwerks, um (ii) quantitative Metabolom-
Datensätze zu analysieren, und um (iii) von gemessenen Metabolitkonzentrationen auf
metabolische Aktivitäten zu schliessen. Im experimentellen Teil wurden quantitative
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Zusammenfassung

Omik-Datensätze erzeugt und dazu genutzt, den Metabolismus zweier S. cerevisiae-
Stämme detailliert zu vergleichen, und die Umstellung des Metabolismus vom Substrat
Glukose zu Ethanol zu verfolgen.

Kapitel 2 behandelt die Modellierung grosser metabolischer Netzwerke. Es hat sich
gezeigt, dass insbesondere die genomweiten stöchiometrischen Netzwerkwerkmodelle
wertvolle Werkzeuge in der Systembiologie sind. Sie bestehen aus der Stöchiometrie
der metabolischen Reaktionen und der Festlegung der Reversibilität oder Irreversibilität
dieser Reaktionen. Somit de�nieren sie die metabolische Kapazität eines Organismus,
Substrate in Biomasse, Energie und Nebenprodukte umzuwandeln. Bei der Modellbil-
dung wird üblicherweise eine erste Version des Modells aus der Liste der Enzyme, die
im Genom annotiert wurden, erstellt. Während rechnergestützte Werkzeuge zur Iden-
ti�zierung und Zusammenstellung solcher organismusspezi�scher metabolischer Reak-
tionslisten entwickelt wurden, ist die Festlegung der thermodynamischen Restriktionen,
d.h. der zulässigen Reaktionsrichtungen, ein mühsamer manueller Prozess. Zur automa-
tisierten und systematischen Festlegung thermodynamisch konsistenter Reaktionsrich-
tungen wurde ein Algorithmus entwickelt, der auf Thermodynamik, Netzwerktopologie
und heuristischen Regeln basiert. Die Reaktionsrichtungen in metabolischen Modellen
werden so festgelegt, dass die Produktion von Energieäquivalenten im Reaktionsnetz-
werk nur in thermodynamisch zulässiger Art und Weise möglich ist. Die Anwendung
dieses Algorithmus wurde an einem genomweiten metabolischen Modell des Bakteriums
Escherichia coli demonstriert. Der Algorithmus konnte zwar nicht die vollständige, je-
doch eine wesentliche Anzahl der irreversiblen Reaktionen automatisch und mit geringem
Rechenaufwand identi�zieren. Damit stellt er ein wertvolles Softwaremodul zur automa-
tisierten Modellbildung genomweiter metabolischer Modelle dar.

Neben diesen stöchiometrischen Modellen des metabolischen Netzwerks wurden
in Kapitel 3 thermodynamische Restriktionen zur Analyse grosser, quantitativer
Metabolomik-Datensätze benutzt. Dieses Kapitel beschreibt eine Methode zur mechanis-
tischen, modellbasierten Analyse dieser Daten, die thermodynamische Netzwerkanalyse
(network-embedded thermodynamic analysis, kurz NET-Analyse). Unter Berücksichti-
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Zusammenfassung

gung des zweiten Hauptsatzes der Thermodynamik und der Gibbs'schen Formations-
energien der Metabolite leitet die NET-Analyse funktionelle Zusammenhänge ab und
identi�ziert Reaktionen, auf die vermutlich aktive allosterische oder genetische Regu-
lation wirkt. Dies wurde beispielhaft an zwei quantitativen Metabolomik-Datensätzen
von E. coli und Saccharomyces cerevisiae gezeigt. Darüberhinaus ist die NET-Analyse
ein wertvolles Werkzeug, um systematisch Datensätze auf Konsistenz zu überprüfen,
um nicht messbare Metabolitkonzentrationen vorherzusagen, und um intrakomparti-
mentelle Konzentrationen aus den gemessenen Konzentrationen (Zelldurchschnittswerte)
zu berechnen. Die NET-Analyse ist eine skalierbare Methode, neues Wissen aus quan-
titativen Metabolomik-Datensätzen zu gewinnen, bei der nur wenige Annahmen und
insbesondere kein kinetisches Modell notwendig sind.

Um ein Systemverständnis von zellulären Abläufen zu gewinnen, ist es unabdingbar,
die intrazellulären metaboischen Flüsse zu kennen, die sehr nah mit dem Phänotyp ver-
bunden sind. Die heutige Standardmethode zur experimentellen Bestimmung dieser
Flüsse, die 13C-basierte Flussanalyse, ist in einigen Punkten experimentell limitiert. In
Kapitel 4 wird ein neuartiger Metabolomik-basierter Ansatz vorgestellt, der metabolische
Aktivitäten unter Berücksichtigung von Massenbilanzen und thermodynamischer Re-
striktionen identi�ziert und einen grösseren experimentellen Spielraum besitzt. Indem
die NET-Analyse mit Elementarmodenanalyse (EFM-Analyse) kombiniert wird, kann
die Gesamtheit der aufgrund von Massenbilanzen und thermodynamischer Restriktio-
nen zulässigen Flüsse umfassend analysiert werden. Alle EFMs eines stöichiometrischen
metabolischen Netzwerkmodells werden mit der NET-Analyse auf thermodynamische
Zulässigkeit mit gemessenen Metabolitkonzentrationen getestet. Um diese Methode
zu demonstrieren, wurde die Aktivität von Reaktionen innerhalb des Pyruvat-Ethanol-
Metabolismus in S. cerevisiae für Wachstum sowohl auf Glukose als auch auf Ethanol
aufgrund von gemessenen Metabolitkonzentrationen bestimmt.

In Kapitel 5 wurde die Glukoserepression in den S. cerevisiae-Stämmen CEN.PK 113-
D7 und FY4 anhand von quantitativen und grossen Proteomik- und Metabolomik-
Datensätzen sowie anhand von metabolischen Flüsse verglichen. Die Wildtypstämme
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Zusammenfassung

zeigen auf der Ebene der metabolischen Flüsse einen ähnlichen Grad an Glukosere-
pression, da sowohl Biomasse- und Ethanolausbeuten sowie die respiratorische Zi-
tratzyklusaktivität ähnlich sind. Trotzdem wurden unterschiedliche Protein- und
Metabolitkonzentrationen beobachtet, die darauf hinweisen, dass die Hxk2-abhängige
Signalübertragung und Regulation in CEN.PK stärker ausgeprägt ist. Unterschiede in
den Signal- und Regulationsstärken traten auch dadurch zutage, dass sich die Glukosere-
pression auf Flussebene, die durch die respiratorische Zitratzyklusaktivität bestimmt
wurde, infolge einer genetischen Mutation wesentlich verändert hat: Während in FY4 die
Glukoserepression aufrecht erhalten wird, wenn HXK2 eliminiert wird, geht CEN.PK zu
einem respiratorischen Metabolismus über. Es konnte gezeigt werden, dass eine Punkt-
mutation im CYR1 -Gen für das unterschiedliche Verhalten verantwortlich ist.
Über diese Arbeiten hinaus wurden metabolische Veränderungen im Verlauf des di-

auxischen Wachstums von S. cerevisiaes mit Hilfe von Omik-Technologien beobachtet
(siehe Appendix). Alle Phasen dieser metabolischen Umstellung wurden mit quantita-
tiven Metabolomik- und Proteomik-Daten sowie der extrazellulären Physiologie charak-
terisiert. Ein Teil der aufgenommenen Daten wurden verwendet, um die NET/EFM-
Analyse zu entwickeln (vgl. Kapitel 4). Der komplette dynamische Datensatz ist die
Basis für zukünftige Analysen, um die zeitliche und kausale Folge von regulatorischen
Ereignissen zu bestimmen, mit denen die Zelle auf die veränderte Substratzugänglichkeit
reagiert.
Heutzutage entwickelt sich die Technologie, grosse quantitative Omik-Datensätze zu

erzeugen, sehr schnell. Insbesondere die Entwicklung allgemein anwendbarer modell-
basierter Analysemethoden für solche Daten bleibt dahinter zurück. Die in dieser Arbeit
entwickelten und angewendeten modellbasierten Methoden, grosse Datensätze auszu-
werten, tragen zur Datenanalyse in der rechnergestützten Systembiologie bei. Beispiel-
haft konnten globale quantitative Datensätze zum S. cerevisiae-Sto�wechsel generiert
und interpretiert werden.
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1. Introduction

1.1. Background

1.1.1. Systems Biology

Living systems consist of complex networks of diverse interacting molecules. The e�ects
of these local interactions propagate through the network such that - depending on their
timing and quantity - they �nally give rise to the global behavior, i.e. the biological
phenotype. Understanding how a phenotype emerges from the various single interactions
is the ultimate goal of systems biology as a new biological discipline [81, 94]. As the
single molecules mutually in�uence each other, it is not su�cient to study each of them
isolated from the network. Hence, systems biology adopts a holistic perspective on
biological networks.
One prerequisite towards this perspective is the possibility to experimentally iden-

tify and also quantify all or a su�ciently large set of cellular components. Acquiring
these data became possible through modern high-throughput analytical so-called omics
techniques, e.g. metabolomics, proteomics, or transcriptomics. To administer such huge
amounts of data, bioinformatics provides means for data quality control, raw data han-
dling, and processing as well as storage and curation. However, the interpretation of the
gathered data by human comprehension to gain biological insights is inherently di�cult
and insu�cient due to the large size and high complexity of these data sets. Therefore,
computational tools are an indispensable second prerequisite for systems biology. The
so-called computational systems biology tools can be categorized into tools (i) to ex-
tract knowledge from the data and (ii) to integrate the knowledge into models to �nally
achieve a system-level understanding (cf. Fig. 1.1) [93].

1



1. Introduction

Figure 1.1. Systems biology approach. Computational systems biology tools mediate the path from
system-level experimental data to system-level understanding. First, data analysis tools extract new
biological knowledge from the complex system-level data. Second, models are employed to integrate
the current knowledge to achieve a system-level understanding. Importantly - as symbolized in the
horizontal arrow - the models which are build to gain the system-level understanding (right side),
also assist in the extraction of knowledge from the complex data sets (left side).

2



1.1. Background

In the �rst category, computational tools retrieve new insights from data to build up
knowledge about the biological system. For instance, clustering approaches are applied
to reveal patterns in gene expression data harboring thousands of data points. Or,
kinetic parameters of enzymatic reactions are estimated from dynamic metabolome data.
Importantly, here a mathematical model of the biological system assist the interpretation
of the data by taking into account previous knowledge (cf. Fig. 1.1).
To attain a holistic perspective, the knowledge needs to be integrated into mechanis-

tic mathematical models. The model here serves as a semantic mean to describe the
relations between the data and knowledge entities such that it can be understood by
computational tools. Hence, the system can be analyzed in silico to answer questions
about the system's global behavior. For instance, the viability of gene deletion mutants
can be predicted [56]. Or, analysis of the biological networks' architecture can unravel
the system's robustness properties [10, 153].
In summary, systems biology as a new approach to biological research is characterized

by the transition from the reductionist approach to considering whole systems. Here,
novel omics analytical techniques that aim at acquiring data on all cellular components
go hand in hand with model-based computational tools that both extract new biological
insight from complex data and integrate the obtained biological knowledge for a system-
level understanding.

1.1.2. Systems Biology of Metabolism

Metabolism is a core function of any biological cell as it provides energy and produces
all biomass constituents. As illustrated in Fig. 1.2, many signals and regulatory actions
integratively in�uence the metabolism: Translation of RNA and regulatory action of
signaling proteins e�ect the metabolic proteome, which catalyzes the metabolic reactions.
The actual rates, with which the metabolites are converted, �nally give rise to the cell's
phenotype as its system behavior. The metabolic network, which consists of enzymes
and metabolites mutually in�uencing each other, is characterized by a high degree of
interconnectivity (mostly induced through co-factors participating in many reactions)

3



1. Introduction

and a high degree of non-linearity (e.g. evoked by regulatory interactions and regulatory
feedback loops). Due to these characteristics, a systems biology approach is imperative
for ultimately understanding metabolism. Being in the focus of this work, the systems
biology approach for studying microbial metabolism in particular is reviewed in the
following.

Figure 1.2. Metabolism as a core function of a biological cell.

Metabolic Data

Here, high-throughput analytical techniques to generate large-scale data sets that char-
acterize the metabolic network's operational state, namely �uxomics, proteomics and
metabolomics are introduced and discussed.

Fluxomics 13C-based �ux analysis is the standard experimental tool to analyze in-
tracellular metabolic �uxes [166]. Shortly, by growing cells on a 13C-labeled carbon
source, alternative metabolic pathways can be resolved due to di�erent rearrangements
of the labeled C-atoms in alternative pathways which leads to di�erent labeling pat-
terns of intracellular metabolites. These di�erent labeling patterns are then detected
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via mass spectrometry. Di�erent approaches to metabolic �ux analysis span from qual-
itative sample characterization to quantitative �ux prediction. First, using comparative
multivariate statistics, samples can be di�erentiated qualitatively and classi�ed based
on the detected labeling patterns [166]. Second, additionally applying a stoichiomet-
ric network model, metabolic �ux ratio analysis determines fractional contributions of
alternative routes for synthesis of metabolites within central carbon metabolism. Fi-
nally, 13C-constrained �ux balance analysis and iterative isotopomer balancing project
absolute �uxes on reactions by also taking into account measured extracellular rates
[166, 206]. 13C-based �ux analysis has provided signi�cant insight into metabolic oper-
ation and regulation [167]. Despite recent advances [195, 207], it is however still limited
to certain experimental setups and focusses on �uxes in central carbon metabolism.

Proteomics Today's high-throughput proteomics that provides large-scale data sets
is based on mass spectrometry [4, 179]. For qualitative analysis, techniques to identify
expressed proteins and to explore their interactions have been established over the past
two decades [52, 157, 180]. For untargeted protein quanti�cation, most approaches rely
on labeling tags (i.e. isotope-coded a�nity tags (ICAT), stable isotope labeling with
amino acids in cell culture (SILAC)). Lately, improvements towards targeted quanti�-
cation have been made through the establishment of a multiple reaction monitoring
(MRM) based technique. This technique allows for higher sensitivity and enables accu-
rate quanti�cation of enzyme concentrations for large parts of metabolism [52].

Metabolomics Metabolomics has recently emerged to complement the set of omics
data. As proteomics, it is primarily based on mass spectrometry. Commonly ap-
plied analysis platforms are GC/MS, LC/MS or CE/MS [50, 119]. Drawing on the
de�nition in [133], several approaches to metabolome analysis can be distinguished
(cf. [50, 65, 119, 133] for reviews). Metabolic �ngerprinting is an untargeted approach
to qualitatively characterize the metabolome. Without the need to relate the mass spec-
trometry peaks to the corresponding metabolites, the acquired mass spectra resulting
from hundreds of metabolites can be used to classify samples in e.g. drug discovery
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or biomarker research [50, 204]. As a next metabolomics approach, pro�ling analyses
that detect and also identify the metabolites are often applied in studying operation and
regulation of microbial metabolism [119, 193]. By relating peak areas to a reference sam-
ple, semi-quantitative information on metabolite concentrations are obtained. Finally,
absolute metabolite concentrations are determined in metabolite pro�ling and target
analysis. Here, calibration with an internal standard with known concentration allows
for determining the number of molecules per cell dry weight. Requisites of quantitative
metabolomics are (i) a complete recovery of the metabolites during sample preparation
and (ii) unique mappings of metabolites to mass spectrometry peaks or chromatograms.
Reproducible sampling protocols for a variety of organisms have been established and
many metabolites can be uniquely identi�ed in the mass spectrometry chromatograms
[21, 119]. The relevance of quantitative metabolomics for studying microbial metabolism
is emphasized by the observation that often metabolite concentrations change signif-
icantly while metabolic �uxes are invariant [30, 131]. As metabolite concentrations
respond with high amplitudes, they are a very sensitive readout on metabolic operation.

Data Analysis for Studying Metabolism

The above illustrated mass spectrometry-based analytical techniques provide large data
sets of protein and metabolite concentrations and metabolic �uxes as readouts of a
metabolism's operational state. With exception of the �uxomics data being closely linked
to the phenotype, the biological meaning of these multi-dimensional readouts, however,
is not directly apparent. First, the data sets are too large to be directly interpretable
by human comprehension. Second, a quanti�ed value alone is per se not informative
about the network's operation. To adress these issues, di�erent methods are used in
computational systems biology for extracting knowledge from the large-scale molecular
readouts. For a systematic overview, a classi�cation of the data analysis approaches
based on data quality and the size of the analyzed biological system is given in Fig. 1.3.
As introduced in the following, statistical, and mechanistics-based data analysis tools
are distinguished.
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1.1. Background

Figure 1.3. Classi�cation of data analysis approaches. Data analysis approaches are classi�ed
based on the network size of the analyzed biological system and the data accuracy level. The
latter can range from readouts for which the corresponding molecules are not identi�ed to absolute
quanti�cation of concentrations.

Statistical Methods Statistical analysis are usually applied to analyze qualitative
or semi-quantitative data sets containing hundreds of data points. Here, such high-
dimensional, complex data sets that not directly interpretable, are characterized by
measures that are comprehensible by a biologist (cf. [30] for review). Typically, the
data is either projected to fewer dimensions or correlations within the data points are
assessed. For reducing dimensionality, commonly used techniques are principal or in-
dependent component analysis that extract the parameters, which display most of the
variation between di�erent samples. To identify and group probes with similar trends or
samples that are most similar, clustering methods like k-means or hierarchical clustering
are applied. As no a priori knowledge is necessary and also data that lacks identi�-
cation (e.g. mass spectrometry peaks that are not assigned to the respective molecule)
can be analyzed, these methods bene�t from their broad applicability. In the area of
metabolism, metabolomics and proteomics data are commonly analyzed in this manner
[28, 150, 193]. This way, metabolites that show common concentration changes upon
perturbation can for example be detected and such responses to di�erent environmental
conditions be characterized.
Using purely statistical methods, causalities contained in the data can hardly be ex-

tracted. Here, considering known interrelationships between measured compounds via
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network models improves the statistical data analysis (e.g. [36, 82, 138]). For instance,
Cakir et al. [32] utilized the known metabolic network to derive reporter reactions,
around which signi�cant changes in metabolite concentration occur. Also, a variety of
tools (e.g. [35, 67]) use statistical tests to infer an enrichment of transcriptional change
of genes belonging to the metabolic pathway. While this and similar methods require the
knowledge of the underlying (metabolic) network, they are still applicable to data sets
harboring only relative quanti�cation, for which at least the corresponding compounds
are identi�ed.

Mechanistics-based Approaches Mechanistic models that describe cause-e�ect
chains, are able to elucidate causal relationships between the experimental readouts.
Moreover, while the statistical approaches only comparatively analyze two or more data
sets, mechanistic models analyze the signi�cance of the measured physical quantities in
a single data set.
Here, the data analysis tools can be distinguished based on whether they can be ap-

plied (i) to large networks and for many organisms and experimental conditions or (ii)
to speci�c biological networks at a certain experimental setup. The former methods em-
ploy mathematical models that are based on only limited information on the considered
organism (e.g. network topology) and/or utilize universal physical parameters like Gibbs
energies (e.g. as in thermokinetic description of reaction rates [130]). Metabolic control
analysis based on linlog kinetics for example reveals �ux controlling reactions within the
metabolism based on measured metabolite concentrations.
In contrast to these approaches, tools that analyze experimental data for speci�c bi-

ological systems employ models that describe mechanisms of each considered reaction
or interaction. Here, measured concentrations can then be used to estimate kinetic pa-
rameters of the model. The application of these approaches is limited as detailed kinetic
models are laborious to construct and are therefore often not available. Nevertheless,
detailed mechanistic models of speci�c pathways like glycolysis or amino acid synthe-
sis pathways were used to analyze small sets of absolute quantitative concentrations
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[38, 145].

Current Challenges in the Analysis of Metabolic Data The advances in metabol-
omics and proteomics enable a novel, quantitative perspective onto microbial metabolism
which challenges the data analysis to exploit the wealth of information contained in the
quantitative data. Especially, the analysis of the emerging quantitative metabolomics
data sets is di�cult: There exists no unambiguous cause-e�ect-chain such as for the
linear relationship between genes, transcripts, and proteins that would assign a func-
tion to a metabolite. A metabolite is always educt and product at the same time and,
moreover, can be an allosteric regulator. Furthermore, many factors (such as kinetic
parameters, enzyme concentrations, etc.) in�uence a metabolite's concentration. Such,
metabolite concentrations are a systematic readout on the metabolic state, and there-
fore, data analysis tools that integratively analyze quantitative metabolomics data are
necessary.
For the analysis of quantitative data sets both statistical tools and model-based ap-

proaches can be applied. However, the analysis of the quantitative data sets of yet
rather small scale by purely statistical approaches, that are valuable tools to analyze
data sets of very large scale, to yet smaller scale, su�ers too low statistical signi�cance.
Moreover, as they do not consider cause-e�ect-chains and do not exploit the provided
quantitative information in terms of molecules per cell they would not exploit the wealth
of information provided by the quantitative data sets.
Among the model-based approaches, on the contrary, generally applicable or speci�c

models as described above could be utilized. Here, however, the availability of speci�c
models is hampered as recent models often span only small parts of metabolism and
the model reconstruction is laborious. They are also posing high requirements on the
quality and coverage of the analyzed data. For instance, parameter estimation is only
feasible with dynamic data with su�cient time-resolution.
Hence, tools are necessary in the �eld between large-scale qualitative statistical and

speci�c mechanistic-model based analysis approaches: They should analyze quantitative
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metabolic data in a mechanistic manner and should be general enough to allow for wide-
spread application. Today, these tools are not su�ciently available and novel data
analysis approaches need to be developed.

Model-based Knowledge Integration for Achieving System-level Understanding

The data analysis tools in systems biology but also other biological research areas pro-
vide knowledge about metabolism on molecular level (e.g. identi�cation of all metabolic
proteins or metabolic reactions). Next, this metabolic knowledge on components and
interactions has to be transformed into system-level understanding of the metabolic
operation. For this challenging task, mathematical models are essential tools (cf. 1.1)
and various kinds have been reconstructed that integrate our current knowledge. These
models are then used to analyze the metabolic network's characteristics and its opera-
tion to achieve a system-level understanding. As introduced in the following, static and
dynamic models can be distinguished (cf. [181] for review on - not exclusively metabolic
- models).

Static Models Due to our broad knowledge about the metabolic reactions, stoichio-
metric reconstructions of the metabolic network are available for a number of organisms
(e.g at [184]). Basically, these models describe the stoichiometry of metabolic reactions
and are often represented as metabolic maps. The genome-scale stoichiometric models
that are reconstructed based on amongst others the annotated genome are compendia
on the - preferably - whole metabolic capacity of an organism. Due to their high cov-
erage of metabolic reactions they �nd particular attention and are available for several
organisms (e.g. [53, 54, 72, 155, 169]).
To obtain system-level insights from these models, graph-theoretical approaches have

been used to analyze metabolic network structure and reveal its global organization in
hierarchies and modules [85, 153]. Furthermore, not only the structure but also possible
metabolic �uxes can be assessed. Here, �ux balance analysis is an approach to predict
metabolic �uxes - amongst others also growth rates. This capability can for instance be
used to systematically assess gene essentiality by predicting maximal biomass yields in
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in silico knockout mutants [56]. Or, reaction that typically carry high metabolic �uxes
were identi�ed and �ux organization analyzed by sampling the �ux solution space [8].
As rarely metabolic regulation is considered in these models, their predictive quality is
very limited [173].

Dynamic Models In the �eld of metabolism, dynamic models are typically composed
of ordinary di�erential equations (ODEs) that describe concentration changes over time
as a result of production or consumption rates. These rates are de�ned in mathematical
reaction terms. Dynamic models give insight into the modeled system via simulation
studies, i.e. in silico experiments, or by assessing model characteristics, e.g. by sensi-
tivity analysis [97]. Here, metabolic control analysis, a conceptual framework based on
sensitivity analysis [58], employs kinetic models to elucidate how metabolic �uxes are
controlled. So-called �ux control coe�cients reveal the key compounds and reactions
that have much in�uence on the metabolic �uxes [76, 99, 156].
Dynamic models can be classi�ed based on the mathematical terms that determine the

reaction rates. Here, either terms that describe the molecular mechanism of the reaction
kinetics (e.g. Michaelis-Menten kinetics) or terms that do not describe a certain reaction
mechanism but are suitable to �t experimental data can be employed. Using reaction
mechanistism-based terms, dynamic models often cover only rather small metabolic (sub-
)networks, e.g. glycolysis [38], mitochondrial respiratory system [11], or the penicillin
biosynthesis pathway [145]. Also, most of today's models only focus on one level (i.e.
only metabolite reactions or only signaling and regulation pathways). One of the few
exceptions where multiple levels were considered is the model of yeast's osmotic shock
response [98].
The extension of mechanism-based dynamic models to larger networks is di�cult due

to lacking knowledge of the correct reaction mechanisms and due to di�cult estimation
of large sets of parameters from measured data. There exists only rare examples of
whole-cell kinetic models as for instance for the human red blood cell that was realized
through extensive modeling e�orts over the last three decades [83]. As one reason for
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tediousness of the modeling process, the terms, that describe the reaction mechanisms,
have to be adopted for each organism while for instance the reaction stoichiometry is
conserved.
As an alternative, models based on generic reaction terms (linlog kinetics [101],

thermokinetic descriptions [130] or convenience kinetics [110]) can be applied to ev-
ery reaction. As these models disregard the speci�c enzymatic reaction mechanisms,
their prediction and simulation capacity beyond the experimental conditions used for
parametrization is limited. However, such models still have great value for metabolic
control analysis: The model parameters (i.e. elasticity coe�cients) of linlog kinetics
and thermokinetic descriptions are directly linked to �ux control coe�cients [101, 130].
Again, these model do not span multiple cellular levels.

Current Challenges in Constructing Metabolic Models While today static stoi-
chiometric models cover an organism's metabolic network almost completely, dynamic
models are often only available on small scale. As also recognized in recent articles,
the reconstruction of dynamic models on large-scale is necessary [84, 178]. In these
publications, the challenges to build large-scale dynamic models of metabolism are dis-
cussed and approaches to accomplish this task in e�cient manner are suggested. Also,
as metabolic models often only consider the metabolic reaction level, more e�orts are
necessary to link these to models on signaling and metabolic regulation.

1.2. Outline and Positioning of this Thesis

This thesis centers on microbial metabolism. It addresses challenges in the area of
mechanism-based analysis of quantitative omics data. In particular, computational
tools to analyze quantitative metabolome data and for reconstruction of stoichiometric
metabolic models were developed. Also, state-of-the-art metabolomics and proteomics
data were applied to characterize the metabolic state and to infer the underlying regu-
latory mechanisms.
Thermodynamic principles that enjoy general applicability represents the unifying
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theme throughout Chapters 2-4 in which tools are described that link these principles
to stoichiometric models of the metabolic network. In Chapter 2, a tool is introduced
that assists in the reconstruction of genome-scale metabolic models. While the list of
metabolic reactions can, to large extent, automatically be derived from the annotated
genome sequence, the genome contains no information on possible reaction directions.
In this work, a systematic thermodynamics-based assignment of reaction directionalities
was developed and demonstrated on the a genome-scale reconstruction of Escherichia
coli 's metabolism [155]. In Chapter 3, a tool for mechanism-based analysis of quanti-
tative metabolome data is presented: The network-embedded thermodynamic (NET)
analysis systematically integrates a stoichiometric model of the metabolic network and
known �ux directions with metabolite concentrations via the second law of thermody-
namics. Such, the thermodynamic feasibility of measured metabolite concentration can
be tested and non-measured metabolites can be predicted. Moreover, putative regula-
tory sites within the metabolic network can be identi�ed. As described in Chapter 4, the
NET analysis was combined with elementary �ux mode analysis to analyze metabolic
�uxes. These are usually experimentally determined by 13C-based �ux analysis which
however has limitations in the scope of applicable experimental conditions and in the
ability to resolve �uxes. Here, a metabolomics-based approach to infer metabolic activ-
ities was developed that is not restricted with respect to the experimental setup. And,
as demonstrated on a Saccharomyces cerevisiae data set, metabolic activity was inferred
for reactions which are not accessible by 13C-based �ux analysis.

Next to the development of modeling and data analysis tools, S. cerevisiae's
metabolism was analyzed by drawing on state-of-the-art quantitative metabolomics and
proteomics data sets. Speci�cally, two common yeast strains were compared by assessing
protein and metabolite concentrations as well as metabolic �uxes for glucose exponen-
tial growth (Chapter 5). Based on the observed di�erences in the metabolic state of the
wild type and genetically perturbed strains, di�erences in the signaling and regulatory
strength of signaling and regulatory proteins and transcription factors was inferred. The
appendix presents the experimental analysis of S. cerevisiae's metabolic reprogramming
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during diauxic growth which provided the experimental basis to to develop the combined
NET/EFM analysis described in Chapter 4. Here, the distinct phases of the diauxic shift
were characterized by the intra- and extracellular metabolite and protein concentrations.
Currently only the metabolites concentration are available.
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Abstract

The availability of genome sequences for many organisms enabled the reconstruction of
several genome-scale metabolic network models. Currently, signi�cant e�orts are put
into the automated reconstruction of such models. For this, several computational tools
have been developed that particularly assist in identifying and compiling the organism-
speci�c lists of metabolic reactions. In contrast, the last step of the model reconstruction
process, which is the de�nition of the thermodynamic constraints in terms of reaction
directionalities, still needs to be done manually. No computational method exists that
allows for an automated and systematic assignment of reaction directions in genome-
scale models.
We present an algorithm that - based on thermodynamics, network topology and

heuristic rules - automatically assigns reaction directions in metabolic models such that
the reaction network is thermodynamically feasible with respect to the production of
energy equivalents. It �rst exploits all available experimentally derived Gibbs energies
of formation to identify irreversible reactions. As these thermodynamic data are not
available for all metabolites, in a next step, further reaction directions are assigned on
the basis of network topology considerations and thermodynamics-based heuristic rules.
Brie�y, the algorithm identi�es reaction subsets from the metabolic network that are
able to convert low-energy co-substrates into their high-energy counterparts and thus
net produce energy. Our algorithm aims at disabling such thermodynamically infeasible
cyclic operation of reaction subnetworks by assigning reaction directions based on a set
of thermodynamics-derived heuristic rules. We demonstrate our algorithm on a genome-
scale metabolic model of E. coli. The introduced systematic direction assignment yielded
130 irreversible reactions (out of 920 total reactions), which corresponds to about 70%
of all irreversible reactions that are required to disable thermodynamically infeasible
energy production.
Although not being fully comprehensive, our algorithm for systematic reaction direc-

tion assignment could de�ne a signi�cant number of irreversible reactions automatically
with low computational e�ort. We envision that the presented algorithm is a valu-
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able part of a computational framework that assists the automated reconstruction of
genome-scale metabolic models.

2.1. Background

Nowadays, high-throughput experimental omics techniques are being developed and are
generating large-scale data sets and information bases that can hardly be intuitively
understood. Models that enable mathematical analysis and simulation are essential to
bene�t from the knowledge that is contained in these data sets. Consequently, the
importance of models increases along with the advances in experimental technologies.
One class of models that has particularly proven to be useful for the analysis of omics

data is the class of stoichiometric metabolic models [149, 154]. Several such models
- today typically available on genome-scale - were reconstructed for various organisms
(e.g. [61, 72, 155]) and are used as tools in systems biology [102, 138] and metabolic en-
gineering [139, 144]. Genome-scale stoichiometric models are composed of the metabolic
reactions' stoichiometry and assignments of the reactions' reversibility or irreversibility.
In the model reconstruction process - reviewed in [41] - typically �rst a preliminary

organism-speci�c metabolic network is generated by drawing on information stored in
sequence databases that link coding regions to cellular functions. In the next step, the
sequence-derived network is completed with knowledge from biochemistry and physi-
ology such that a stoichiometric network is derived that re�ects the cell's metabolic
capabilities. For the reconstruction of metabolic reaction networks and particularly for
the identi�cation of enzymes that lack genetic evidence, a series of computational tools
exist [66, 88, 92].
In contrast, reaction directions are often assigned manually, or are adopted from other

existing models or databases on metabolic pathways (e.g. KEGG). Direction assignment
is not only laborious but also error-prone due to manual execution. Indeed, it was shown
that the direction assignments of published genome-scale models contain inconsistencies
i.e. reaction directions that contradict each other (M. Terzer and J. Stelling, personal
communication). Error diagnostics in these cases is di�cult as the underlying reasons
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for direction assignments are not provided in the currently available models.
Reaction directionalities are used frequently: First, they are required for analysis

and simulation of metabolic phenomena by constraint-based modeling [149]. Second,
the reactions' directionality is usually reported in maps on metabolic pathways within
widely-used genomic databases such as KEGG or MetaCyc [34, 87]. Third, the infor-
mation on reactions' (ir)reversibility is essential for metabolic �ux analysis [206].
In principle, all biochemical reactions are reversible: A reaction can proceed in either

forward or backward direction depending on the actual Gibbs energy of reaction. The
Gibbs energy of reaction is determined by the reactants' standard Gibbs energies of
formation and their concentrations. A change in reactant concentrations, for example,
can reverse a reaction's direction, if the respective Gibbs energy of reaction turns from
a negative to a positive value. There are, however, so-called irreversible reactions that
under physiological conditions only proceed in one direction, which means that the
respective reactants' Gibbs energies of formation and concentrations are always such
that only one direction is possible.
The natural approach to identify the irreversible reactions in stoichiometric mod-

els would draw on Gibbs energies of formation and physiological concentration ranges.
However, experimentally determined Gibbs energies of formation are not available for all
metabolites. As a workaround, a group contribution method was developed that com-
putationally estimates Gibbs energies of formation for a large set of metabolites [121].
Using the values obtained with this method and taking into account its inherent sig-
ni�cant uncertainties, a genome-scale thermodynamic analysis of E. coli 's metabolism
showed that only �ve reactions (out of 873) could be classi�ed as irreversible [74]. This
very small number demonstrates that computationally estimated Gibbs energies of for-
mation are too uncertain to be used to assign reaction directions.
An alternative approach to assign reaction directions is to apply the nonlinear con-

straint that arises from the fact that there must exist a thermodynamic driving force
for any mass-balanced set of reaction �uxes in a reaction network [13]. For internal re-
action cycles that result in no net conversion of metabolites the overall thermodynamic
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driving force is zero, i.e. the cyclic operation of these reactions is infeasible. Given the
speci�cation of the directions of a subset of network �uxes (e.g. by using information
about the environmental conditions to specify the exchange of metabolites with the en-
vironment), it was shown to be possible to compute the feasible direction of some of
the not preset �uxes based on the nonlinear thermodynamic constraints [211]. This
ab initio calculation of the reaction directions is based on an NP-complete computation
[211]. As a result, a computationally e�ortless algorithm for the assignment of reaction
directions (thermodynamics-based linear constraints) in genome-scale networks does not
exist today.
Here, we present a computational method that is intended to close this gap. In a �rst

step, our method draws on experimentally determined thermodynamic data, i.e. Gibbs
energies of formation, and physiological intracellular metabolite concentrations to as-
sign as many reaction directions as possible. Next, in order to assign further reaction
directions, we draw on network topology and heuristic rules that exploit the knowledge
of biochemical energy equivalents such as ATP or NADH. An algorithm that is capa-
ble to apply this procedure to genome-scale stoichiometric models was developed and
implemented in Matlab. The respective script is available from the authors on request.

2.2. Results

In the following, the algorithm (cf. overview in Fig. 2.1) is described in detail. Each step
is illustrated by applying the procedure to the genome-scale reconstruction of E. coli 's
metabolic network [155]. From this model, we only used the stoichiometric matrix but
not the constraints that were placed on the reaction directions. In other words, we
applied our algorithm to the metabolic network, in which initially all reactions were
considered as reversible.

2.2.1. Thermodynamic Facts-based Assignment

First, we aimed to assign as many directions as possible on solid thermodynamic grounds:
A reaction can only proceed in direction of a negative Gibbs energy of reaction, ∆rG.
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Figure2.1.
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The Gibbs energy of reaction depends on the reactants' i standard Gibbs energies of
formation, ∆fG

0
i , their concentrations, ci, and the respective stoichiometric coe�cients,

νi:
∆rG =

∑
i

νi∆fG
0
i + RT ln(

∏
i

cνi
i ) . (2.1)

If it turned out in our analysis that with any physiologically reasonable reactant
concentrations, the Gibbs energy of reaction for a given reaction was always negative,
the reaction was de�ned as irreversible in the respective direction as a net reaction
in the other direction is thermodynamically not possible [7]. For the Gibbs energy of
formation, we employed experimentally derived values, which were available for 157 out
of 761 metabolites present in the network (cf. Methods). Although a computational
method can roughly estimate ∆fG

0-values for many more molecules [121], we preferred
to employ this limited set of thermodynamic data as only a very limited set of irreversible
reactions could be assigned with computationally determined ∆fG

0-values due to their
inherent uncertainties (cf. Background and [74]).
Furthermore, Maskow and von Stockar have shown that only with Gibbs energies of

formation, that are adjusted to physiological pH and ionic strength, e.g. a �ux through
glycolysis is thermodynamically feasible [120]. Thus, we considered physiological pH
and ionic strength values (cf. Methods) by using the respectively transformed Gibbs
energies of formation/reaction [7]. For simplicity, `transformed Gibbs energies' will only
be referred to as `Gibbs energies' in the following.
Intracellular metabolite concentrations were also required to determine the actual

Gibbs energies of reaction. These are widely unknown. As, moreover, any stoichiometric
model is usually applied for a variety of growth conditions and even for mutant strains
where di�erent concentration levels can be conceived, we anyhow wanted to base our
analysis on concentration ranges that cover a wide spectrum of conditions. Therefore,
we here assumed broad physiological ranges for intracellular metabolite concentrations,
which typically are in the order of µM to mM [62].
Employing a respective concentration range from 0.001 to 10 mM and by using the

available set of experimental values for Gibbs energies of formation, ranges of Gibbs
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energies of reaction could be determined for 176 (out of 920) reactions in the model.
In this set of ranges, we checked for allowed operational reaction directions: A positive
(negative) direction was set if the range of Gibbs energy of reaction was exclusively
negative (positive). With this approach, 43 reactions were de�ned as irreversible in the
analyzed E. coli model, while 133 where de�ned as reversible.
As the assignment depends on the estimated Gibbs energies of formation, we per-

formed a sensitivity analysis to assess the assignment's reliability. We widened the
allowed ranges of Gibbs energies of reaction by 1, 2, 3, 4 kJ/mol and performed as-
signment runs using these. Despite the broadened ranges, 40 out of 43 of our direction
assignments based on thermodynamic facts were still valid. Only up to three reactions
(depending on the uncertainty range used) would not had been de�ned as irreversible.
As our earlier direction assignments are in-line with the reaction directions in the original
model and also in KEGG, we believe that our irreversibility assignments are correct.

2.2.2. Thermodynamic Heuristics-based Assignment

The limited availability of experimental Gibbs energies of formation only allowed us to
analyze a rather small subset of reactions. Thus, we expanded the direction assignment
procedure by another approach. As shown in [211] the reaction network comprises sets of
reactions whose simultaneous operation would contradict fundamental thermodynamic
principles. Thus, also we aimed at identifying thermodynamically infeasible subnetworks
from the metabolic network. In contrast to [211], we used a di�erent kind of subnetwork
which will be outlined below. After having identi�ed these subnetworks, heuristic rules
were employed to pinpoint the reaction(s) in the identi�ed subnetworks which most
likely are irreversible and reaction directions were set accordingly. We employed the co-
substrate converting cycles to identify reactions that most likely are irreversible under
all conceivable environmental conditions. The direction assignment based on topology
and heuristics was also implemented in the algorithm (cf. Fig. 2.1, steps 2a-2c).
Note that it is conceivable that a direction assignment based on the topological consid-

erations contradicts an assignment made with the thermodynamic facts. Here, this was,
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however, never the case. For some reactions the thermodynamics facts were only less
restricting as they allowed both directions while a heuristic rule constrained the reaction
into one direction. To prevent the exclusion of actually possible reaction directions, we
adopted the restriction only if the heuristics-based assignment was highly reliable (see
below).

Identi�cation of Thermodynamically Infeasible Operation of Reaction Sets

First, we had to identify sets of reactions (subnetworks) whose simultaneous operation
is thermodynamically infeasible. A thermodynamically infeasible operation of a subnet-
work is, for example, given by a cyclic operation of a reaction set that in total results
in no net conversion of metabolites. The absence of such reaction cycles is a necessary
condition for thermodynamically consistent operation of reaction networks [12]. Hence,
cycles in the metabolic network are a promising target to screen for thermodynami-
cally infeasible reaction directions. Cycles can be obtained via the null space of the
stoichiometric matrix.
Consider a network that consists of three reactions with the pairwise interconversion

of the reactants A, B and C (cf. Fig. 2.2a). Assume a situation where A is actually
converted to B, and B to C. Thus, C must have a lower Gibbs energy of formation
than A. Consequently, the operation of the reaction 3 from C to A is not possible. This
example shows that, if we preset a consecutive operation of two reactions, it is possible to
exclude one direction of the third. Thus, here, we only can state if-then relationships for
reaction directions, and consequently, an a priori determination of reaction directions -
without the assumption of other reaction directions - is not possible.

Figure 2.2. Illustration of reaction cycles.
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2. Systematic Reaction Direction Assignment

Next, we extent the thought experiment and assume a reaction between A and C with
a di�erent stoichiometry that is actually able to re-cycle C to A (cf. Fig. 2.2b). This
reaction would have to be driven by a �motor� that delivers the energy necessary to
convert the reactant C to the higher energy state of A. In metabolism, chemical energy
can be delivered by the conversion of a co-substrate (e.g. ATP) containing much energy
(in the following termed as highly energetic) to its counterpart (e.g. ADP) that carries
less energy (so-called low energetic). In this case, a cyclic operation of the reactions
from A to B, B to C and C back to A is thermodynamically feasible as the system is
supplied with energy. On the contrary, the reverse operation of this reaction cycle is
thermodynamically infeasible as the �motor� would then operate in opposite direction
and would become a �generator�: The cycle would produce energy (e.g. in the form of
ATP). In order to exclude such thermodynamically infeasible energy production, one of
the reactions in this cycle is set irreversible such that the highly energetic co-substrate
cannot be produced1. The reaction that produces the highly energetic co-substrate was
here the preferred target to assign a direction that only allowed energy consumption. In
the context of our work, we call a model �thermodynamically feasible� if no generation
of highly energetic co-substrates by a cyclic operation of metabolic reactions is possible.
Several pairs of low/highly energetic co-substrates exist (cf. Tab. 2.1). These are pairs

of (i) nucleotide phosphates, of (ii) nicotinamide adenine dinucleotides, of (iii) nicoti-
namide adenine dinucleotide phosphates and of (iv) �avin adenine dinucleotides, and
(v) intra- and extracellular protons. Due to the proton motive force over the membrane,
extracellular protons are high-energy counterparts to intracellular protons.
To identify cycles that interconvert these co-substrates, again the null space of the sto-

ichiometric matrix was calculated, however, only after having removed the co-substrates'
stoichiometric coe�cients from the matrix. The respectively obtained null space then in-
cluded two sets of cycles: (i) the cycles, that do not produce or consume any metabolite,
and which were already described by the null space of the original stoichiometric matrix
1Obviously, ATP can is produced in reaction that convert highly energetic to low energetic metabolites.
However, these cannot converted back without the supply of energy as it would be the case in a
reaction cycle operating in �generator� mode.
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selected co-substrate groups
NTP, NDP, NMP
NADH, NAD+

NADPH, NADP+

FADH2, FAD+

H+
extracellular, H+

Table 2.1. Co-substrate groups that were eliminated from
the stoichiometric matrix to identify energy producing cycles.
Besides these co-substrates, also the molecules water, oxy-
gen, carbon dioxide, ammonium, and inorganic phosphate
were removed from the stoichiometric matrix to identify en-
ergy producing cycles. This is necessary to elementally bal-
ance the resulting net conversion of co-substrates. NTP,
NDP, and NMP denote nucleoside tri-, di- and monophos-
phate for adenosine, cytidine, guanosine, inosine, and uri-
dine.

and (ii) cycles that - when complemented with the removed co-substrates - intercon-
vert these. In terms of the terminology introduced in network-based metabolic pathway
analysis [136], these two sets of cycles correspond to the extreme pathways of Type III
and Type II, respectively. Having complemented the cycles with the co-substrates, we
determined the net conversion of co-substrates for each cycle and identi�ed the cycles
that convert low energetic co-substrates to their highly energetic counterparts. In the
following steps, we worked with this set of cycles to assign reaction directions, and here,
we will call these energy producing subnetworks solely `cycles'.
Every possible energy producing cycle is a combination of the linearly independent

basis vectors of the null space of the reduced stoichiometric matrix. As the running time
for the computation of all linear combinations increases exponentially with system size
[12, 137], an exhaustive analysis of all possible cycles is currently not feasible (M. Terzer
and J. Stelling, personal communication). For this reason, we based our assignment
procedure on the cycles that are described by the basis vectors of the calculated null
space matrix. As we will see below this approach was not fully comprehensive but
allowed excluding thermodynamically infeasible cycling to a large extent while still being
computationally reasonable.
Faced with the fact that we only obtained one possible set of linear independent basis

vectors, the choice of the null space matrix calculation, however, was important for the
assignment procedure. In preliminary tests, when we applied a null space matrix that
included larger cycles, our algorithm assigned less reaction directions. Thus, one should
apply a null space matrix with cycles that consist of the smallest possible number of
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2. Systematic Reaction Direction Assignment

reactions. Here, the null space matrix was calculated from the reduced echelon form of
the stoichiometric matrix by the Matlab function null. The null space of the co-substrate
reduced stoichiometric matrix was described by 227 linear independent reaction cycles
with an average number of reactions of 8.85 and a median number of reactions of 4. Of
all cycles within the null space matrix, 145 were energy producing cycles.
This set of cycles was now employed to assign reaction directions by thermodynamics-

based heuristic rules: In three steps that are described in the following paragraphs
di�erent kinds of cycles were analyzed and reaction directions were assigned by the
heuristic rules in Fig. 2.3. These rules selected for and disabled reaction steps that
produce high-energy from low-energy co-substrates. Such, we could assign directions for
reactions beyond the ones, for which the Gibbs energies of reaction were available.

Analysis of Pair Cycles

Cycles that consist of only two reactions and in total convert exclusively co-substrates
occur frequently in metabolic networks. Here, the null space matrix contained 45 energy
producing pair cycles. For such cycles, the direction assignment to eliminate thermody-
namically infeasible energy production is straightforward due to the limited possibilities
for assignment of reaction directions: There are only two reactions which can be set irre-
versible, and the most natural approach is to block the reaction step that produces the
highly energetic co-substrate. This was the only heuristics-based assignment step that
was allowed to be more restricting than the thermodynamic facts assignment step. Tech-
nically, this procedure was realized by applying heuristic rules as explained in Fig. 2.3.
Applying these heuristics to the identi�ed energy producing pair cycles, 42 reactions

were restricted to one direction. As none of these reactions was already previously
de�ned as irreversible in the thermodynamic facts-based assignment, in summary 85
direction assignments were made until here.

Analysis of Remaining Energy Producing Cycles

The following assignment step (2b in Fig. 2.1) aimed at de�ning reaction directions in
the remaining energy producing cycles. As these consist of more than two reactions,
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Figure 2.3. Illustration of the procedure to assign reaction directions by heuristic rules. For the
assignment steps 2a-2c (cf. Fig. 2.1), the applied heuristic rules are displayed. Generally, the rules
de�ned a reaction as irreversible in the direction of consumption of a high-energy co-substrate.
The rules, however, were not applied if the respective reaction simultaneously produced CO2. The
vertical arrows indicate the consecutive application of the rules: if no assignment was possible with
a particular heuristic rule, the next rule along the arrow was employed. The consumption of a
co-substrate with a higher energetic content was preferred over the consumption of a co-substrate
with a lower energetic content. In case the cycle contains more than one reaction producing the
same highly energetic co-substrate, all these reaction steps are de�ned as irreversible.
In pair cycles (2a), the reaction that produces the only generated co-substrate was de�ned as
irreversible as long as it did not consume CO2. In case of CO2 consumption, however, it follows
that the other reaction also produces CO2 and we de�ne this reaction direction as irreversible. As
only one co-substrate pair is converted in each pair cycle, the assignment was achieved by applying
the heuristic rules consecutively while omitting the �rst rule as indicated in the �gure.
In the analysis of the remaining energy producing cycles (2b), the cycles can contain reaction steps
that produce di�erent kinds of co-substrates. Here, in the �rst place we restricted CO2 consumption,
which is very energy comsumin and therefore likely to render a reaction step thermodynamically
infeasible. If no CO2 consuming reaction was preset, the production of highly energetic co-substrates
were disabled with the indicated priorities. Note that NADPH and NADH producing reactions, here,
were assigned with the same priority (not illustrated in the �gure).
In the bypass analysis (2c), reaction directions were assigned for CO2 consuming or nucleotide
triphosphates producing reactions. Preliminary studies showed that only these heuristic rules were
fully reliable in this assignment step, and thus, we only applied these two rules.
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2. Systematic Reaction Direction Assignment

several conceivable options to disable energy producing cycling typically exist. Hence,
it is important to note that this step of the heuristics-based assignment is less reliable.
Applying heuristic rules as depicted in Fig. 2.3 to the remaining 45 energy producing

cycles in the null space matrix, 26 reactions were suggested to be irreversible. Five of
these, however, were identi�ed to be reversible in the thermodynamic facts-based assign-
ment. In these cases, we preferred to follow the thermodynamic facts-based assignment
for the following reasons: First, the Gibbs energy of reaction is the hard physical ground
for a reaction's directionality. Second, by setting a reaction reversible we do not exclude
directions that indeed are possible under some physiological conditions. Therefore, only
the 21 directions that do not further constrain the thermodynamic facts-based assign-
ments were adopted, and as a result, at this point 106 reaction directions were de�ned
in total.

Analysis of Bypasses

So far, only the energy producing cycles of the initially calculated null space matrix
were analyzed and blocked by the outlined procedure in case the heuristic rules were
applicable. As the calculation of all possible cycles is currently not feasible, in the next
step (2c in Fig. 2.1), we at least investigated pairwise combinations of the complete set
of available cycles - including also the non-energy producing cycles: In case a second
cycle could act as a bypass for an already identi�ed infeasible reaction step of a �rst
cycle, we aimed to exclude the operation of the bypass.
The bypasses were identi�ed as follows. Each reaction, which was de�ned as irre-

versible and disabled an energy producing cycle, was analyzed. Among all cycles in null
space matrix (also including non-energy producing cycles), we selected for those in which
the analyzed reaction occurs. This subset of cycles is capable to bridge the particular
reaction of the �rst cycle, i.e. to form bypasses that start at the reaction's educts and
ends at its products. In consequence, the initial cycle, whose thermodynamically infea-
sible operation was already disabled, and the bypass build a new - potentially energy
producing - cycle. For each identi�ed bypass, we �rst checked whether it was an actually
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functional bypass given the previously made direction assignments. If the bypass was
already blocked, there was no need for any action. Otherwise, we checked whether the
co-substrate conversion of the resulting new cycle was thermodynamically infeasible by
calculating the cycle's Gibbs energy of reaction. If it was infeasible, a reaction direction
within the bypass was assigned by applying the heuristic rules illustrated in Fig. 2.3.
Analyzing the bypasses that bridge the 106 previously assigned reactions, in a �rst

iteration step 24 additional irreversible reaction directions were de�ned by the heuristic
rules. In a second iteration step, in which we analyzed bypasses for the reactions that
were de�ned as irreversible in the �rst iteration step, no further directions could be
assigned: The bypasses were either already inhibited or no further reaction directions
could be identi�ed with the employed heuristics.

2.3. Discussion

Achieved Direction Assignment

Tab. 2.2 summarizes all assignments that were made by our systematic procedure. While
the thermodynamic facts-based assignment yielded 43 irreversible reactions, 87 further
reaction directions were assigned based on network topology and thermodynamic heuris-
tics. Altogether, 130 reactions were restricted to one direction, which disabled the op-
eration of 129 of the 145 energy producing cycles present in the employed null space
matrix.

Table 2.2. Overview over the number of direction assignments made in each step.
assignment step number of assigned directions

per step in total
thermodynamic
facts

43 43

thermodynamic
heuristics

pair cycles 42 85
remaining energy producing cy-
cles

21 106

bypasses 24 130
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Our algorithm did not completely disable thermodynamically infeasible energy pro-
duction: The heuristics failed in blocking all energy producing cycles and the bypass
analysis was not able to identify all possible energy producing cycles. In order to as-
sess the completeness achieved with our approach, we estimated how many additional
direction assignments had to be made to completely prohibit infeasible co-substrate con-
version. For this, an iterative procedure was applied: A possible energy producing cycle
was identi�ed using �ux balance analysis, and then, reaction directions were assigned
manually to block this cycle (cf. Methods section). When no further energy producing
cycles were found, the reactions' directionalities were assumed to re�ect thermodynamic
feasibility with respect to energy generation. At this point, the direction assignment was
considered to be complete.
With this procedure, 59 additional assignments of reaction directions were required

until infeasible energy production was excluded. Simulating aerobic growth on glucose
by �ux balance analysis, ATP was then produced via the respiratory chain. Impor-
tantly, the production of energy equivalents such as ATP by metabolic reactions was
not generally rendered impossible by our linear constraints as our algorithm only selec-
tively disables the generation of highly energetic co-substrates. In summary, the 189
irreversible reactions (of which 130 were assigned by our algorithm) were su�cient to
yield a thermodynamically reasonable model with respect to the production of energy
equivalents.
At this point, we checked whether the application of general biochemical rules such

as de�ning all kinase reactions as irreversible would have been a much simpler and also
valid alternative to our approach. A close inspection of the 74 kinase reactions in the
model revealed that this would not have resulted in a correct model: For instance,
the phosphoglycerate kinase reaction is known to operate in both directions and it is
correctly de�ned as reversible in our assignment. This demonstrates that employing
heuristic rules in combination with analyzing co-substrate converting cycles is superior
to simple general biochemical rules.
With the model analyzed here, the calculation time required for the assignment pro-
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cedure was roughly two minutes on a Pentium 3GHz PC, if the calculation of the null
space matrix and generation of a Excel �le for output documentation is included. The
assignment algorithm itself required about 30 to 40 s. Such, the computational e�ort is
small and the algorithm can be e�ciently executed on a commonly used PC.

Comparison to Original Model

The introduced systematic direction assignment yielded 130 reactions that were re-
stricted in one direction. Together with the 59 manual assignments that eventually
eliminated any thermodynamically infeasible cycling, we obtained 189 reactions that are
irreversible in our model. In comparison to the 676 irreversible reactions in the original
model from Palsson and co-workers [155], this is a rather small number and indicates a
much less constrained model.
From a constraint-based modeling viewpoint, a direct comparison of the number of

irreversible reactions, however, is misleading as one assigned reaction direction can prac-
tically render impossible the reversible operation for a set of other reactions. For exam-
ple, one irreversible reaction that is part of an unbranched linear pathway restricts the
operation of the whole pathway to one direction. Hence, in e�ect it is no di�erence if
the direction of only one or all reactions of the pathway are de�ned as irreversible.
To allow for assessment of model �exibility due to di�erent direction assignments, we

had to identify correlated sets of reactions (cf. Methods). Using the identi�ed correlated
sets, the number of de facto irreversible reactions was assessed. We found that the sto-
ichiometric network of E. coli comprises 175 sets of correlated reactions. If one reaction
in such a set is de�ned as irreversible, mass balance constraints rule out one particular
direction for each of the other reactions in the set. In the original model, 749 reactions
are practically irreversible. In comparison, our direction assignment eventually resulted
in 292 reactions that practically can operate only in one direction.
We found that only in one case - namely the UTP-glucose-1-phosphate uridylyltrans-

ferase reaction - our algorithm de�nes a reaction as irreversible which is reversible in the
original model. Remarkably, our assignment is in agreement with the EcoCyc database
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[1] which also states that this reaction is irreversible.
As the predicted maximal biomass yield on glucose is increased by about 20% using our

reaction directions in comparison to the original, the model with our reaction directions
is much less constrained and there are more possibilities to distribute the mass �ux
through the reaction network. Therefore, it is envisioned that it covers a larger range of
metabolic scenarios, e.g. knockout mutants or di�erent environmental conditions. As an
example, a frdA deletion mutant (in vivo viable when grown anaerobically on glucose
[43]) is in silico non-viable with the original reaction directions while it is viable with
our reaction directions.

Extension of Heuristic Rules

Next, we evaluated whether we could complement the employed heuristic assignment
rules to increase the number of reactions that are automatically de�ned as irreversible.
Additional or modi�ed heuristic rules should eliminate the energy producing cycles that
were not yet disabled by our algorithm.
First, we closely inspected the additional manual direction assignments that were re-

quired to eliminate all the remaining energy producing cycles (cf. Additional �le 1). In
this reaction set, we found reactions, which potentially could have been made irreversible
by the heuristics already used in the algorithm, i.e. reactions that produce/consume high-
energy/low-energy co-substrates, but for several reasons (as outlined above), the respec-
tive directions were not assigned. There are, however, groups of reactions (e.g. quinone
pool reducing/oxidizing reactions) whose common attributes could be exploited by new
heuristics that speci�cally assign directions to such sets of reactions (cf. Tab. 2.3).
As an example for such an extension of the heuristic rules, the quinone pool converting

reactions were set as irreversible such that the electrons are transferred from the reduced
metabolites to the �nal electron acceptors. Having de�ned the �nal electron acceptors, it
was possible to assign 43 reaction directions in the E. coli model. When we incorporated
this rule into the assignment algorithm, in total 26 more reactions were restricted in
one direction (cf. Fig. 2.4). Fourteen out of the 43 reactions had been already assigned
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Table 2.3. Number of additional direction assignments required to eliminate remaining thermody-
namically infeasible energy production.
common attributes standard procedure standard procedure with

consideration of �nal elec-
tron acceptors

quinone pool reductions 15 -
transporters 9 8
NTP production 14 12
NADH/NADPH production 5 4
O2 production 2 1
CO2 consumption 4 4
NMP synthesis 7 7
other 3 3
sum 59 39

by the thermodynamic facts, and the bypass analysis assigned three reactions less. In
summary, 156 instead of 130 reactions could then be de�ned as irreversible by our
systematic assignment procedure.

Figure 2.4. Comparison of the assignment where �nal electron acceptors are considered to the de-
fault assignment The numbers of made direction assignments of the standard assignment procedure
(A) and the assignment procedure, which additionally drew on the direction of electron transfer
within the respiratory chain (B) are compared. The numbers (1 - 2c) refer to the assignment
steps depicted in Fig. 2.1, while step 0 represents the reaction directions that were assigned by the
additional heuristic rule based on �nal electron acceptors.

The extension of heuristic rules by organism-speci�c knowledge obviously is an e�ec-
tive and e�ortless approach to increase the number of assigned directions. Similarly, one
could de�ne the directions of the transporters according to their function, which often
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can be identi�ed from stoichiometry alone (e.g. sugars are taken up by PTS systems).

2.4. Conclusions

This paper reports on a computational framework that - based on thermodynamic prin-
ciples - systematically assigns reaction directionalities in genome-scale stoichiometric
metabolic models. We demonstrated its application on a metabolic reconstruction of
E. coli. After having exploited all available thermodynamic data to de�ne irreversible
reactions, we drew on network topology and thermodynamic heuristics to assign further
reaction directions: Energy producing cycles were extracted from the reaction network
and thermodynamically infeasible reaction steps that produce high-energy from low-
energy co-substrates were disabled.
The proposed direction assignment procedure has several advantages over other ap-

proaches. The group contribution method to computationally estimate the Gibbs en-
ergies of formation is associated with such large uncertainties that only �ve reactions
could be identi�ed as irreversible in a genome-scale model [74]. The method developed
by Beard and co-workers for ab initio prediction of reaction directions [211] relies on
the availability of all possible cycles in the metabolic network. Currently, these can-
not be calculated with reasonable computational e�ort for genome-scale models and the
method also does not completely disable thermodynamically infeasible cycling. In con-
trast, using our algorithm, we demonstrated that a large number of assignments could
be made without laborious calculations: A total of 130 directions could be assigned
automatically, which constitutes a large fraction of the direction assignments necessary
to exclude thermodynamically infeasible energy production.
Along with the development of mathematical methods that employ genome-scale

metabolic models, these models became valuable tools in systems biology and metabolic
engineering. Here, our systematic assignment procedure can be used in the reconstruc-
tion of new models or in the revision of existing ones. Currently, large e�orts are put
into the automated reconstruction of such models [41, 175] and several computational
tools exist that support the �rst steps of the reconstruction process [88, 132]. On the
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contrary, the following steps towards �nalizing the model - which include the de�nition
of reaction directionalities - are still done manually. We envision that the here pro-
posed algorithm could be a valuable part of a computational framework that assists the
automated reconstruction process for genome-scale metabolic models.

2.5. Methods

Employed Software Package

All calculations were carried out employing Matlab (The MathWorks Inc., MI, USA) un-
less speci�ed otherwise. Necessary input data are standard Gibbs energies of formation
and physiological ranges of intracellular metabolite concentrations. As output, the algo-
rithm generates a vector which speci�es the assigned reaction directions, and in addition,
creates a detailed report (in Microsoft Excel) on the respectively made assignments.

Applied Metabolic Network Model

For the E. coli data set, we employed the genome-scale model iJR904 [155]. This model
is an elementally balanced stoichiometric network and such enabled the calculation of the
reactions' Gibbs energies. The model was slightly modi�ed by eliminating one reaction
of duplicate reaction pairs, i.e. reactions that occur twice in the original model's list
of reactions. Moreover, the arti�cial reaction that accounts for the cell's maintenance
requirements in the model was omitted. The model is supplied in Additional �le 1.

Employed Gibbs Energies of Formation and Concentration
Ranges

A prerequisite for the thermodynamic facts based direction assignment is the availability
of standard Gibbs energies of formation for a large number of metabolites. With these
and values for intracellular pH and ionic strength (see below), standard transformed
Gibbs energies of formation speci�c for intracellular conditions were calculated using the
software Mathematica (Wolfram Research Inc., IL, USA) and a Mathematica notebook
provided on [2]. Standard transformed Gibbs energies of formation for the metabolites
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involved in the pentose phosphate pathway and the shikimate pathway were added
by drawing on data from the NIST database on thermodynamics of enzyme-catalyzed
reactions [3] and from the literature [186, 187]. For the Gibbs energies of formation of
the quinones in the model, the values of reduced and oxidized ubiquinone, which is the
only quinone available in the database, were assumed respectively. Transformed Gibbs
energies of formation were adjusted to E. coli 's intracellular pH of 7.6 [177] and ionic
strength of 0.15 M [199] (cf. Additional �le 2).
To re�ect typical cytosolic concentrations, which lie in the µM to mM range [62], the

intracellular concentrations' upper and lower bounds were by default set to 0.001 mM

and 10 mM , respectively. Exceptions were made for oxygen, for which the upper limit
was set to 0.1 mM to account for its low solubility, and carbon dioxide and inorganic
phosphate, for which ranges from 1 to 50 mM were assumed.

Manual Elimination of Energy Producing Cycles

The iterative and manual direction assignment to eliminate all remaining energy produc-
ing cycles was carried out as follows: To detect a thermodynamically infeasible cycling, a
�ux distribution was generated by means of �ux balance analysis using maximal growth
rate as optimization objective (cf. [55]). Shortly, such calculated �ux distributions com-
prise the rate of each reaction such that (i) the conversion of each metabolite is balanced,
and (ii) glucose (as the employed carbon source) is converted to as much biomass as
possible. As the production of biomass requires energy, a part of the glucose has to be
metabolized to CO2 to yield the necessary chemical energy. Energy producing cycles
render the investment of glucose into energy dispensable, and essentially all glucose is
converted to biomass. In this case, the calculated �ux distribution comprises at least
one thermodynamically infeasible energy producing cycle, and can be used to identify
the reactions that make up this cycle.
Having identi�ed these cycles, we manually de�ned directions for one or more reaction

in the set of reactions such that the identi�ed infeasible cycling is disabled. The em-
ployed rationales for the assignment were similar to the heuristics used in the presented
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algorithm. Essentially, reactions that consume low-energy or produce high-energy co-
substrates were selected. In some cases, this was not possible as also low-energy metabo-
lites were produced or high-energy metabolites were consumed concomitantly. Then, we
determined reaction directions according to the metabolic function of the respective
enzyme.

Calculation of Sets of Correlated Reactions

Two reactions are correlated if the ratio of their reaction rates is identical under any
conceivable condition. To identify sets of correlated reactions, in a �rst step, the stoi-
chiometric matrix was extended by exchange reactions and a reaction describing biomass
formation to determine mass balancing sets of reaction rates, i.e. �ux distributions. Here,
exchange reactions were coupled to all extracellular metabolites and enabled their inter-
change with the environment. Next, we calculated the null space matrix for this extended
stoichiometric matrix. Rows of this null space matrix that are linearly dependent indi-
cate that the corresponding reactions are correlated. Sets of correlated reactions were
determined by an all-against-all comparison of the rows.
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Supplementary Files

Supplementary �les are available on http://www.biomedcentral.com/1471-2105/7/512
and on the CD provided with this document.

Assigned Reaction Directions Spreadsheets (Supp1_AssignedDirections.xls) listing
the assigned reaction directions. It contains three sheets with (i) the list of re-
actions that were assigned by the standard assignment procedure, (ii) the list of
reactions in case the �nal electron acceptors are additionally considered, and (iii)
the lists of reactions that were assigned manually to obtain a thermodynamically
reasonable model. In the �rst two sheets, we also report in which assignment step
a direction was de�ned by our algorithm.

Gibbs Energies of Formation Spreadsheet (Supp2_GibbsEnergies.xls) listing the ap-
plied Gibbs energies of formation. It contains the list of the model's metabolites
and - if available - the respective transformed Gibbs energy of formation at a pH
of 7.6 and an ionic strength of 0.15 M .
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Abstract

As one of the most recent members of the omics family, large-scale quantitative
metabolomics data are currently complementing our systems biology data pool and
o�er the chance to integrate the metabolite level into the functional analysis of cellular
networks. Network-embedded thermodynamic analysis (NET analysis) is presented as
a framework for mechanistic and model-based analysis of these data. By exploiting
the second law of thermodynamics and the metabolites' Gibbs energies of formation,
NET analysis allows inferring functional principles and identi�es reactions that are
subject to active allosteric or genetic regulation from the coupling of metabolome
data and an operating metabolic network as exempli�ed with quantitative metabolome
data from E. coli and S. cerevisiae. Moreover, the optimization framework of NET
analysis demonstrated to be a valuable tool to systematically investigate data sets for
consistency, for the extension of sub-omic metabolome data sets, and for resolving
intracompartmental concentrations from cell-averaged metabolome data. Without
requiring any kind of kinetic modeling, NET analysis represents a perfectly scalable
and unbiased approach to uncover insights from quantitative metabolome data.

3.1. Introduction

Ultimately, systems biology strives to gain a quantitative systems-level understanding
of complex and highly interrelated cellular processes and phenomena. The various inter-
actions between the cellular domains and the mere number of the components involved,
however, represent a complexity beyond intuitive comprehension. For this reason, math-
ematical models are required as tools to integrate the ever increasing biological knowledge
and the data originating from the diverse cellular domains and, in a further step, to infer
novel insight from the integrated available knowledge and data [94, 181].
In order to fully exploit the wealth of information contained in genome-scale data, the

mathematical model to be used to extract insight from the data should ideally have the
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same dimensionality. Unfortunately, the only existing class of genome-scale models are
stoichiometric models [22], whose development was pioneered by Palsson [154]. As these
models only re�ect the metabolic capabilities of an organism, today's basis for model-
based mechanistic integration and analysis of genome-scale data is rather limited.
Nevertheless, already the stoichiometric models demonstrated to be valuable tools for

integration and analysis of a number of di�erent omics data sets, such as �uxome data
[18], high-throughput growth phenotyping data [40] and transcriptome data [40, 138].
Due to the development of a�ordable and powerful mass spectrometers, large-scale sets
of quantitative metabolite data are currently emerging into the area of systems biology
[65, 131], and it is desired to also integrate these data in order to infer novel insight
[131, 165, 183].
A natural approach for model-based analysis of metabolome data would be the ex-

tension of stoichiometric models by kinetic rate expressions for each enzymatic reaction.
However, there is no comprehensive knowledge about in vivo reaction mechanisms and
parameters. In addition, the continuing challenges in the area of measurement [106, 210]
and computational analysis [200] make it very unlikely that large-scale kinetic models
will be available in the near future. For these reasons, large-scale sets of metabolome
data cannot yet be assimilated into mathematical models [131]. Consequently insight,
for instance into underlying regulatory mechanisms, can hardly be inferred.
In attempts to deal with the lack of detailed knowledge on parameters and mecha-

nisms, fundamental thermodynamic principles have been increasingly applied in systems
biology and metabolic engineering. In this regard, the second law of thermodynamics
was incorporated into stoichiometric models [13, 147, 211] or Gibbs energies of reaction
were used to analyze metabolic pathways or small networks [14, 74, 122, 146].
In this work, we also draw on these fundamental principles and present a compu-

tational thermodynamics-based framework for the analysis of quantitative metabolome
data. The mapping of such data onto a stoichiometric reaction network allows extraction
of novel insight without requiring any kind of kinetic modeling. In the proposed network-
embedded thermodynamic analysis (NET analysis), large-scale qualitative intracellular
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�uxes derived from metabolic �ux analysis and metabolite concentrations are coupled to
each other via the second law of thermodynamics and the metabolites' Gibbs energies of
formation, and an optimization algorithm is employed to compute network-constrained,
feasible ranges of Gibbs energies of reaction.
After illustrating the novel concept, �rst, we will apply the NET analysis tool to a

small set of quantitative metabolite data acquired from E. coli to demonstrate (i) the
practical application of the optimization framework as a tool for consistency analysis
of measured metabolite concentrations, (ii) for prediction of metabolite concentrations
beyond the actually taken measurements and (iii) for identi�cation of putative active
sites of genetic or allosteric regulation. Then, we analyze a larger data set obtained from
S. cerevisiae in order to illustrate that the method is also applicable to more complex
systems such as organisms with subcellular structures.

3.2. Network-embedded Thermodynamic Analysis

Assuming constant pressure and a closed system, according to the second law of ther-
modynamics a reaction occurs only in the direction of negative Gibbs energy of reaction,
∆rG. This can be expressed in the inequalities,

∆rG
′ < 0 ∀ r > 0 (3.1)

∆rG
′ > 0 ∀ r < 0

where r denotes the reaction rate, or - in other words - the net �ux between metabolites
participating in a reaction. Here, a negative reaction rate signi�es a �ux in backward
direction.
The Gibbs energy of a reaction j can be calculated from the Gibbs energies of forma-

tion of the participating reactants i, ∆fGi, and the reactants' stoichiometric coe�cients
in the reaction j, sij,

∆rGj =
∑

i

sij∆fGi . (3.2)

In turn, a metabolite's Gibbs energy of formation can be calculated from its standard
Gibbs energy and its thermodynamic activity. In biochemistry, thermodynamic activ-
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ities are typically replaced by molar concentrations, while the e�ect of ionic strength
is taken into account by an adequate standard Gibbs energy. Moreover, possible reac-
tant dissociation forms are lumped into a single reactant, and thus transformed Gibbs
energies of formation, ∆fG

′
i, are used, which in turn are calculated from the standard

transformed Gibbs energies of formation, ∆fG
′0
i , and the concentration ci of the partic-

ular metabolite i [7],
∆fG

′
i = ∆fG

′0
i + RT ln(ci) . (3.3)

For simplicity, `transformed Gibbs energies' will only be referred to as `Gibbs energies'
in the following.
The presented equations form the foundation for NET analysis. Metabolite concen-

trations and metabolic �uxes are linked via thermodynamics and the stoichiometric
network. The metabolites' Gibbs energies of formation determine, together with the
stoichiometry, the Gibbs energies of reaction. These Gibbs energies of reaction and the
�ux directions are then coupled via the second law of thermodynamics to identify ther-
modynamically feasible ranges for the Gibbs energies of reaction and for concentrations
of non-measured metabolites. Fig. 3.1 provides an illustration of the input data required
for NET analysis (i.e. metabolite concentrations, �ux directions, a metabolic network
model and Gibbs energies of formation) and the various insights, which can be obtained.

In the NET analysis, as an extension to an earlier employed method [122, 146, 182],
the Gibbs energies of reaction are constrained by the mutual thermodynamic interdepen-
dencies of reactions in a network (i.e. the reactions' simultaneous action in the network).
This way metabolite concentrations have to be feasible not only in view of one speci�c
reaction but with respect to the functioning of the entire network (cf. Fig. 3.2). As we
will show below, this signi�cantly limits the feasible ranges of Gibbs energies of reaction
and therefore also the feasible concentration ranges of unmeasured metabolites.
In the following, we will outline the optimization procedure that underlies the NET

analysis. The optimization determines the feasible range (i.e. upper and lower bounds)
of the Gibbs energy of a particular reaction k, ∆rG

′
k, using metabolite concentrations,
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Figure 3.1. Illustration of the network-embedded thermodynamic analysis (NET analysis). a. b. c.
denote alternatives, white and gray boxes are actions and inputs, respectively, and ellipses indicate
outputs.

reaction directionalities, a metabolic network and thermodynamic data:
min / max ∆rG

′
k (3.4)

s.t. ∆rG
′
j < 0 ∀ rj > 0 (a)

∆rG
′
j > 0 ∀ rj < 0 (b)

∆rG
′
j =

∑
i

sij∆fG
′
i (c)

∆fG
′
i = ∆fG

′0
i + RT ln(ci) (d)

cmin
i ≤ ci ≤ cmax

i (e)
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Figure 3.2. Illustration of the mutual thermodynamic interdependencies of reactions in a network.
The presented sample network comprises the reactants A, B, C, and D, for which only ranges
of concentrations are known. Possible ranges for the reactants' Gibbs energies of formation, only
taking into account these concentration ranges, are shown with con�ned vertical bars. Due to
the provided �ux directions and the co-operative action of the reactions in the network, however,
the thermodynamically feasible ranges are smaller, which is highlighted by the bold parts of the
bars. A �ux can only �ow from a higher to a lower level of Gibbs energy of formation. Thus,
the planes indicating the lower and upper bounds of the thermodynamically feasible Gibbs energies
of formation are not allowed to incline against the direction of the �ow. The space between the
displayed planes, which is de�ned by the thermodynamic and network-derived constraints (Eqs. 3.1-
3.3), consists of the thermodynamically feasible Gibbs energies of formation and, thus, describes the
feasible concentration space.

In this optimization, the Gibbs energy for the reaction k is minimized and maximized
under the following constraints: All reactions j in the network (including the consid-
ered reaction k) can only proceed in direction of a negative Gibbs energy of reaction
(Eqs. 3.4a/b). In turn, the Gibbs energies of reaction are determined by the reaction
stoichiometries and the reactants' Gibbs energies of formation (Eq. 3.4c), which are a
function of the pre-determined standard Gibbs energies of formation and the metabolite
concentrations (Eq. 3.4d). The latter are by default constrained to typical intracellu-
lar concentration ranges (see Material and Methods). These ranges should be de�ned
cautiously such that they surely cover the possible variation in concentration under the
considered experimental conditions. Measured concentration values are also considered
with these constraints, which - due to the fact that measurement uncertainties cannot
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be excluded - are typically allowed to vary by 10% around the measured values.
With an analogous procedure, we can determine feasible concentration ranges rather

than Gibbs energies of reaction.
As mentioned above, a prerequisite for the NET analysis is the knowledge of the

directions of intracellular �uxes (cf. Fig. 3.1). These can either be de�ned based on pre-
existing knowledge (a.), determined from experimental data (b.), or (in case experimental
�ux data are not available) computed using �ux balance analysis (FBA), (c.). FBA
employs linear programming to optimize a suitable cellular objective, while assuming
steady-state for the mass balances [91, 148].
In the context of assigning �ux directions, it is important to note that one does

not necessarily need to provide directions for all �uxes. If in doubt about a certain
�ux, no direction should be assigned to the particular reaction. In consequence, fewer
constraints are imposed on the NET analysis optimization. This results in a larger
solution space meaning that the computed ranges of feasible Gibbs energies of reaction
and concentrations eventually become wider. Thus, neglecting a reaction can only lead
to less insight from the measurement data but in no case will such an omission lead to
wrong results. The same holds true for missing or unknown pathways: If a pathway is
not considered, also only less insight is obtained.

3.3. Results

In the following, to �rst demonstrate the type of results which can be obtained from
our method we will analyze a set of measured metabolite concentrations from E. coli as
a representative from the prokaryotic domain. After having approved the method for
the simple test case, we demonstrate its general applicability on a larger data set from
S. cerevisiae.
Before presenting the actual results, the e�ect of embedding the reactions into the

metabolic network is illustrated for the analyzed E. coli data. Possible ranges of Gibbs
energies of reaction, only de�ned by the concentrations of the participating reactants,
were compared to the thermodynamically feasible ranges calculated using the NET anal-
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ysis. A comparison of the two ranges is shown in Fig. 3.3 for several reactions. From
this �gure, it can be seen that only small parts of the concentration-de�ned ranges are
feasible, when also considering the operation of the reaction network.

Figure 3.3. Ranges of Gibbs energies of reaction with and without considering the respective reac-
tion's operation in the metabolic network. White bars indicate possible ranges due to the provided
concentration ranges (see Materials and Methods), while the black bars display thermodynamically
feasible ranges after introducing the constraints of the reaction network. Abbreviations: me(NADH),
malic enzyme (NADH dependent); pdh, pyruvate dehydrogenase; nadk, NAD kinase; akgdh, α-
ketoglutarate dehydrogenase; cs, citrate synthase; udh, cytosolic transhydrogenase; atps, ATPase;
fba, fructosebisphosphate aldolase; me(NADPH), malic enzyme (NADPH dependent); mdh, malate
dehydrogenase; rpi, ribose phosphate isomerase; pgk, phosphoglycerate kinase; gapd, glyceraldehyde
3-phosphate dehydrogenase; tpi, triosephosphate isomerase; pgm, phosphoglycerate mutase; eno,
enolase

For example, the reactions pgk, gapd, pgm, eno, rpi, and tpi are restricted to a range of
Gibbs energy of reaction close to zero when the network operation is taken into account.
The reactions udh and fba do not operate at equilibrium. Had these two reactions been
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analyzed separately from the network, the employed concentration limits would have
allowed for that (cf. Fig. 3.2). These examples demonstrate that in cases where only a
limited set of metabolite concentrations is available, the NET analysis-based integration
of the reactions leads to narrower feasible ranges of Gibbs energies of reaction, and thus
to a more precise classi�cation of the reactions.

3.3.1. Thermodynamic Consistency of Metabolome Data

Despite the recent tremendous advances in mass spectrometry, small dynamic ranges
of these instruments and e�ects such as ion suppression still impose serious di�culties
on reliable quanti�cation, and consequently quantitative metabolomics still requires so-
phisticated means to circumvent these problems [106, 210]. Testing for thermodynamic
feasibility of a data set can constitute a part of the necessary assessment of a measure-
ment's reliability.
Thermodynamically feasible sets of measured concentrations are a prerequisite for

the NET analysis, as the measured concentrations need to allow for negative Gibbs
energies of reaction for each preset �ux, so that a solution for the optimization problem
(Eqs. 3.4) exists. Here, we demonstrate that NET analysis can indeed be used as a tool
to determine thermodynamic consistency of the data.
For the E. coli data set we analyzed, consistency was approved. In contrast, employing

the NET analysis to other published quantitative E. coli metabolome data, we found
that out of seven available data sets, only four were thermodynamically feasible [6, 57,
111, 142]. In case a data set is classi�ed as infeasible, it is furthermore possible to
identify the erroneous concentration combinations by systematically omitting measured
concentrations from the data set until a feasible solution for the optimization problem
is established. The measured adenylate energy charge and NADH/NAD ratio of the
data set in Buchholz et al. [31] lay outside physiological ranges [17, 141]. The NET
analysis revealed further that in two of the three infeasible cases �ux through glycolysis
was inhibited by too high a F6P/G6P1 ratio [31] and by too high a PEP/F16P ratio
1Explanations for the metabolite abbreviations are provided in the legend of Fig. 4
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(overarching the lower part of glycolysis) [38]. For the last one [79], the OXA/MAL, the
G3P/DHAP and the R5P/RU5P ratios were too high so that the measurements were
not consistent with the assumed �uxes through the tricarboxylic acid cycle, glycolysis,
and pentose phosphate pathway.
Quantitative metabolome data are now used in the area of mathematical modeling.

Thus, it is important that only quantitatively correct data sets are employed in these
endeavors in order to prevent erroneous conclusions. For these reasons, also the Yeast
Systems Biology Network working group (http://www.ysbn.org) recently stated that it
would be desirable to have a tool for quality control check, that is easily applicable to
quantitative metabolome data sets before their actual use in modeling e�orts or their
entry into databases. Due to its inherent control of thermodynamic feasibility, NET
analysis can ful�ll parts of the quality control check.
It is important to note that unknown pathways missing in the used metabolic network

as well as unknown and thus not speci�ed �ux directions, or unavailable thermodynamic
data for certain metabolites will never render a data set infeasible, and thus NET analysis
is rather conservative. Further, thermodynamic feasibility is a necessary but not a
su�cient condition for correct quanti�cation of metabolite concentrations. However,
NET analysis as an easy-to-apply tool can test for major experimental errors, while
relying only on indisputable (i.e. thermodynamic) facts.

3.3.2. Prediction of Metabolite Concentrations

In a next step, we tested whether NET analysis can also be used to predict concentrations
of unmeasured metabolites. In the E. coli data set we analyzed, besides a few actually
measured metabolites, the measurements provided only pooled concentrations of the
isobaric molecules F6P/G6P, DHAP/G3P, 3PG/2PG and R5P/RU5P/X5P. With the
NET analysis, however, it was possible to specify the concentrations of the individual
metabolites (see Fig. 3.4). Furthermore, narrow concentration ranges for the unmeasured
metabolites 13DPG, 3PHP, and AMP could also be calculated.
This demonstrates that it is indeed possible to use the NET analysis to specify narrow
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Figure 3.4. NET analysis of the E. coli metabolome data. Summation of the inferred concentration
ranges of the pooled metabolites (e.g. 2PG and 3PG) can exceed the actually measured (pooled)
concentration of these metabolites. The reason for this is the introduced uncertainty in the measured
concentrations of these pooled metabolites (in order to account for potential measurement uncertain-
ties). Abbreviations: pgi, glucose 6-phosphate isomerase; pfk phosphofructose kinase; pyk, pyruvate
kinase; g6pdh, glucose 6-phosphate dehydrogenase; pgl, phosphogluconolactonase; gnd, phosphoglu-
conate dehydrogenase; rpe, ribulose-phosphate epimerase; tkt1, transketolase; tkt2, transketolase;
tala, transaldolase; edd, phosphogluconate dehydratase; eda, phosphogluconate aldolase; acont,
acontinase; icdh, isocitrate dehydrogenase; succoas, succinyl-CoA synthase; sucdh, succinate dehy-
drogenase; fum, fumerase; icl, isocitrate lyase; mals, malate synthase; ppc, phosphoenolpyruvate
carboxylase; ppck, phosphoenolpyruvate carboxykinase; pgmt, phosphoglucomutase; g3pd, glyc-
erol 3-phosphate dehydrogenase; pgcd, phosphoglycerate dehydrogenase; sulr, sul�te reductase;
G6P, glucose 6-phosphate; F6P, fructose 6-phosphate; F16P, fructose 1,6-bisphosphate; DHAP,
dihydroxyacetone phosphate; G3P, glyceraldehyde 3-phosphate; 13DPG, 1,3-diphosphoglycerate;
3PG, 3-phosphoglycerate; 2PG, 2-phosphoglycerate; PEP, phosphoenolpyruvate; PYR, pyruvate;
6PGL, 6-phosphogluconolactone; 6PGC, 6-phosphogluconate; RU5P, ribulose 5-phosphate; R5P,
ribose 5-phosphate; X5P, xylulose 5-phosphate; S7P, seduheptulose 7-phosphate; E4P, erythrose
4-phosphate; 2DDG6P, dehydrodeoxy-6-phosphogluconate; ACCOA, acetyl-CoA; CIT, citrate; ICIT,
isocitrate; AKG, α-ketogluterate; SUCCOA, succinyl-CoA; SUCC, succinate; FUM, fumerate; MAL,
malate; OXA, oxaloacetate; G1P, glucose 1-phosphate; GLYC3P, glycerol 3-phosphate; 3PHP, 3-
phosphohydroxypyruvate; SO−3 , sul�te; H2S, hydrogen sul�te.
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concentration ranges for unmeasured metabolites. This kind of prediction is particularly
useful for metabolites that are di�cult to resolve experimentally (e.g. isobaric molecules
such as G6P/F6P). Instead of putting e�orts into experimental resolution, this could also
be achieved by a subsequent NET analysis. As we will show below with the S. cerevisiae
data set, in a similar manner NET analysis is even able to resolve compartmental con-
centrations from cell-averaged metabolome data.

3.3.3. Prediction of Potential Active Regulatory Sites

Measured metabolite concentrations alone hardly provide any insights into the orga-
nization of metabolism, i.e. the regulatory structure responsible for routing of matter
via the di�erent metabolic pathways, the result of which is a certain intracellular �ux
distribution. A �ux distribution is established by the fact that in comparison with the
neighboring reactions the rates of some reactions are limited by the available catalytic
activity (either due to low enzyme concentration or activity), so that at branch points,
mass �ux is accordingly distributed into the possible pathways. A limited catalytic ac-
tivity of a reaction manifests itself in a large Gibbs energy of reaction. By the NET
analysis, such reactions can be identi�ed even on the basis of incomplete metabolome
data via the consideration of �ux directions and of the simultaneous action of the reac-
tions in the network.
The relationship between the thermodynamic operational mode of a reaction (far from

or close to equilibrium) and its regulation was established in the area of metabolic �ux
control analysis: Reactions operating near equilibrium usually have a large sensitivity
of the reaction rate towards variations in metabolite concentrations, and thus, such
reactions have a small determining e�ect on the �ux through the respective pathway
[130, 198]. On the other hand, reactions with large values of Gibbs energy of reaction do
not necessarily have an impact on �ux control as also other parameters of the enzymatic
rate expressions are in�uencing the �ux. However, it was found that reactions operating
far from equilibrium are more likely to impose �ux control [202], and it is assumed that
the corresponding enzymes are more likely to be regulated by the cell [42] as only in
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these cases �ux and thus phenotype can be a�ected.
The NET analysis, using the E. coli metabolome data, classi�ed reactions under the

applied experimental conditions whether they are potential active regulatory sites or not
(Fig. 3.4). A �rst look at these results reveals that the pfk and pyk reactions are operating
far from equilibrium and thus may represent regulatory enzymes of glycolysis, while most
other glycolytic reactions display only small absolute Gibbs energies of reaction. As this
assignment of regulatory enzymes is in perfect agreement with earlier studies (cf. [162]
for review) and as also most of the other �ndings displayed in Fig. 3.4 comply with our
current knowledge (cf. discussion in Supplement 4), this indicates that NET analysis of
metabolome data is indeed able to provide correct regulatory insight.
Another �nding obtained from the E. coli data is related to E. coli 's cytoplasmic tran-

shydrogenase (udh): In glucose-limited continuous cultivations, compared to the biosyn-
thetic demands, an excess of NADPH is produced [128]. In order to eliminate the
excess NADPH, the udh-transhydrogenase converts NADPH into NADH. As revealed
by NET analysis, the udh reaction operates far from equilibrium in the considered ex-
periment signifying that this reaction may be subject to regulation (Fig. 3.4). By a
sensitivity analysis, we found that a regulatory control of the udh-transhydrogenase is
indeed required for physiological reasons: Further equilibration of the udh reactants,
corresponding to a shift of the NAD(H) pool to the reduced state, would render the
normal operation of some catabolic (i.e. NAD-dependent) dehydrogenases infeasible. Of
the reactions considered in this work, glyceraldehyde 3-phosphate dehydrogenase is the
most critical, because the conversion of G3P to 13DPG would stop at NADH/NAD+

ratios above 0.018.
The identi�cation of the regulatory action being e�ective on the udh-transhydrogenase

and of its underlying design principle underpins the value and power of the NET analysis
in uncovering system properties. First, only by using the NET analysis based sensitivity
studies it was possible to classify the udh reaction as operating far from equilibrium
(cf. Fig. 3.3). Second, with NET analysis we were able to uncover the reasons underly-
ing the active udh regulation: They root in reaction interdependencies which overarch
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various parts of metabolism. Both �ndings could not have been obtained by solely
considering of the available metabolite concentrations.

3.3.4. General Applicability of NET Analysis

So far, the conceptual idea and application of the NET analysis was demonstrated
for E. coli as a simple prokaryote. In a next step, we wanted to test the method's
applicability to more complex systems such as eukaryotes with subcellular structures.
For this, we extended the method and analyzed the largest available set of quantitative
data from S. cerevisiae (cf. Tab. 3.1) [118].

Table 3.1. Measured intracellular metabolites
metabolite concentration [mM]
AKG 0.12
F16P 0.33
F6P 0.82
FUM 0.10
G1P 0.61
G6P 3.85
GLX 0.02
MAL 0.65
PEP 1.97
PYR 0.11
SUCC 0.10
TRE 201.72
ATP 14.12
ADP 6.84
AMP 1.29
ALA 7.44
ASP 4.14
GLU 41.92
2PG + 3PG 2.18
CIT + ICIT 8.00
NAD+ + NADH 8.58

First, using NET analysis we could ascertain the thermodynamic feasibility of the
measured metabolite data. Also with this data set, based on the computed feasible
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Gibbs energies of reaction, reactions in central carbon metabolism (e.g. pfk, icl or pdh)
or the �rst steps in amino acid synthesis (e.g. asparagine transaminase or asparagine
synthase) could be identi�ed as potential active regulatory sites (cf. Supplement 5). In-
terestingly, NET analysis even was able to resolve compartmental di�erences: In contrast
to mitochondria, the production of oxaloacetate via malate dehydrogenase and aspartate
transaminase is thermodynamically infeasible in the cytosol as here the reactions display
positive Gibbs energies of reaction (cf. Supplement 5). Obviously, these reactions are
only needed under di�erent environmental conditions.
An inherent problem with all current omics analyses of higher (i.e. compartmentalized)

organisms is that the data obtained only represent averages over the whole cell. Several
scienti�c questions, however, can be envisioned, for which a subcellular resolution of the
data would be advantageous. Here, NET analysis revealed to be a tool that is capable to
infer subcellular metabolite concentrations from cell-averaged metabolite data as it draws
on additional information on compartmentalized network topology and �ux distribution.
Examples for subcellular metabolite concentrations resolved from the present yeast data
are given in Table 3.2. These values demonstrate the power of NET analysis in inferring
insight by an elegant, thermodynamic-based integration of data.

Table 3.2. Resolved intracompartmental metabolite concentrations for the S. cerevisiae data
metabolite cytosol [mM] mitochondria [mM]
L-aspartate 9.1 .. 10 < 0.07
fumarate < 0.23 > 0.3
L-malate < 1.6 1.56 .. 7.15
oxaloacetate† > 1.56 < 0.004
phosphoenolpyruvate 2.21 .. 4.21 > 3
pyruvate 0.27 .. 0.35 < 0.07
L-threonine† 0.004 .. 2.1 < 0.23

† non-measured; for the others a cell-averaged measurement value was available

Finally, we will demonstrate that NET analysis of metabolome data can also assist
to comprehensively analyze functional relationships in S. cerevisiae's metabolism that
range over di�erent compartments. NADH metabolism in yeast is separated between
the cytosol and mitochondria: NADH produced in the cytosol (e.g. in glycolysis) has
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to be re-oxidized via the respiratory chain situated in the mitochondrial membrane. As
pyrimidine nucleotides cannot cross this membrane, yeast can use an NADH:ubiquinone
oxidoreductase external to the mitochondrial membrane to reoxidize its cytosolic NADH.
Alternatively, yeast has several redox shuttle systems which - by means of other metabo-
lites - virtually transfer the protons into the mitochondria for subsequent oxidation of
reduced metabolites like NADH or FADH2 [9, 158]. To date, the true physiological role
of these shuttle pathways is not fully understood and thus still subject of current re-
search [37, 134]. In this context, it was recently stated that here indeed the resolution
of compartmental concentrations could provide insight as whole-cell analyses are unable
to contribute to an understanding of these processes, which - in total - have the same
net outcome [9].
To investigate whether the four known shuttles [9] and the external NADH:ubiquinone

oxidoreductase can be operational under the considered experimental conditions, we
tested each of these options for their thermodynamic feasibility. On the basis of
the present S. cerevisiae metabolite data set, NET analysis revealed that under the
respective experimental conditions NADH reoxidation can only occur via the exter-
nal NADH:ubiquinone oxidoreductase or the glycerol 3-phosphate shuttle while the
other three shuttles (ethanol-acetaldehyde shuttle, malate-oxaloacetate shuttle, malate-
aspartate shuttle) cannot be operative for thermodynamic reasons. Through laborious
experimental e�orts employing a series of gene knockouts studies, it was found that here
the external NADH:ubiquinone oxidoreductase reoxidizes the cytosolic NADH [158]. As
demonstrated here, by employing a compartmentalized model NET analysis is able to
uncover functional relationships from metabolome data that are related to compartmen-
tation and which otherwise can only be obtained by elaborate experimental e�orts.

3.4. Discussion

To gain insight from large-scale quantitative metabolome data, a coupling to mechanistic
models is required. Integration with kinetic models will most likely remain a major
challenge for at least the near future. Consequently, we present a new methodology
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that does not require the derivation of sophisticated model structures but rather applies
fundamental physical laws to the interpretation of quantitative metabolite data sets: The
framework of the NET analysis maps metabolome data to the stoichiometric network
via thermodynamics and metabolic �uxes. Insight can be obtained from even limited
data sets.

NET analysis is designed for the analysis of quantitative metabolome data as the
optimization requires quantitative concentrations (in terms of mmol/l) as input, and
thus the application is limited to respective data sets. Beyond, employing NET anal-
ysis further requires a (i) metabolic network model, (ii) �ux directions that re�ect the
metabolic state of the organism under the analyzed experimental conditions, and (iii)
the Gibbs energies of formation for a large number of metabolites. It is important to
note that pathways missing in the metabolic network model, not completely de�ned �ux
directions, and incomplete thermodynamic information do not lead to wrong conclu-
sions but only limit the extent of insight that can be drawn from NET analysis. Also,
measured concentrations that are averaged over cellular compartments will not lead to
wrong conclusions as e.g. wrong classi�cation of a data set to be feasible/infeasible: NET
analysis allows the intracompartmental concentrations to be di�erent as long as the sum
of all compartment matches the measured value. In essence, incorrect conclusions can
be avoided if solely assured information is employed for NET analysis. As shown in
this work, NET analysis is not restricted to data from simple organisms but can also be
applied to data from more complex systems such as organisms with subcellular structure.

In the NET analysis, the measurement data �rst undergoes a validation of thermo-
dynamic feasibility. The necessity for such a quality control is stressed by the fact that
approximately 40% of the analyzed data sets of E. coli metabolite concentrations origi-
nating from various research groups were found to be infeasible. Actually, this percentage
is even more dramatic considering that thermodynamic feasibility is only a necessary,
but not a su�cient condition for correct data. As the number of metabolites quanti-
�ed from a single experiment will constantly increase in the future and the metabolic
reactions are highly interconnected, however, the chance to uncover thermodynamic in-
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feasibility will increase. Thus, the NET analysis can be used as an easy-to-apply tool to
test metabolome data for major experimental errors.
The ability of NET analysis to computationally resolve intracompartmental metabo-

lite concentrations which in general are hardly accessible experimentally allows a more
detailed view of an organism with subcellular structure. This capability opens up the
possibility to elucidate cellular functionalities that rely on compartmentation. Further-
more, the NET analysis based resolution of pooled metabolite concentrations enables
the design of more e�cient analytical methods as certain pooled metabolites do not have
to be separated experimentally.
The most prominent feature of NET analysis, however, is the capability to decode

valuable insights from metabolome data: Besides unraveling functional relationships
overarching several parts of metabolism, NET analysis is able to identify reactions most
likely to be subject to active allosteric or genetic regulation on the basis of metabolome
data representing a physiological snapshot at the �nal level in cellular hierarchy. In this
context, NET analysis could be particularly helpful for screening of high-throughput
metabolome data acquired from, for example, libraries of single-ORF deletion mutants
for reactions, upon which the cell exerts either genetic or allosteric regulatory action
under the considered experimental conditions. We envision that the superposition of
this NET analysis-derived information obtained from di�erent mutant strains should
ultimately facilitate identi�cation of novel interrelationships in metabolic regulation.
Such regulatory insight would tremendously enhance our knowledge about the regulation
of metabolic pathways, where, in stark contrast to the regulation of genes encoding
enzymes used to introduce speci�c substrates into the central metabolism, only little is
known.
In contrast to detailed kinetic models, the NET analysis does not provide deterministic

statements. However, as it is easy to apply, perfectly scalable to the systems level, and
only relies on indisputable facts, it represents a valuable tool to computationally decipher
insight from quantitative large-scale metabolome data. It can be easily envisioned that
it will signi�cantly assist systems biology research and also will support more applied
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�elds such as metabolic engineering.

3.5. Materials and Methods

Stoichiometric Models

For the E. coli data set, we employed the genome-scale model iJR904 developed by
Palsson and co-workers, which is an elementally balanced stoichiometric network [155].
The fully compartmentalized, elementally and charge balanced model iND750 [54] was
employed to analyze the set of metabolite concentrations from S. cerevisiae. For our
studies on the redox shuttles, transport reactions between cytosol and mitochondria
were added according to Bakker et al. [9].

Thermodynamic Data

A prerequisite for the NET analysis is the availability of standard Gibbs energies of
formation for a large number of metabolites. With these and values for intracellular
pH and ionic strength (see below), standard transformed Gibbs energies of formation
speci�c for intracellular conditions were calculated using the software Mathemat-
ica (Wolfram Research Inc., IL, USA) and a Mathematica notebook provided on
http://library.wolfram.com/infocenter/MathSource/797 [7]. Standard transformed
Gibbs energies of formation for the metabolites involved in the pentose phosphate
pathway and the shikimate pathway were added by drawing on data from the
NIST database on thermodynamics of enzyme-catalyzed reactions
(http://xpdb.nist.gov/enzyme thermodynamics) and from the literature [186, 187].
In order to account for potential errors in the experimentally determined equilibrium

constants (from which the transformed Gibbs energies of formation were derived), stan-
dard transformed Gibbs energies of formation were allowed to vary in the NET analysis
by 0.5 kJmol−1 around the reported value. Converted to the concentration domain, this
represents an uncertainty of approximately 20% for the measured equilibrium concen-
tration of a reactant.
In summary, for 137 of the 761 metabolites in the E. coli model, standard transformed
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Gibbs energies of formation were available, and consequently, for 154 out of the 922
biochemical reactions in the metabolic model it was possible to calculate Gibbs energies
of reaction. For the S. cerevisiae model, Gibbs energies of reaction could be calculated
for 232 (out of 1149) reactions with the available Gibbs energies of formation for 132
(out of 645) metabolites.

Analyzed Metabolome Data Set and Input Data for E. coli

We examined a set of measured metabolite concentrations obtained from an E. coli
(W3110) chemostat culture that was operated at a dilution rate of 0.1 h−1. The cul-
ture was fed with M9 minimal medium containing 5 g l−1 glucose. The reactor with
a working volume of 1.5 l was aerated with 1 vvm and stirred at 800 rpm in or-
der to ensure a dissolved oxygen concentration above 60%. The concentrations of six
metabolites (F13P, PEP, PYR, 6PGL, ADP, ATP) and four groups of pooled metabo-
lites (G6P/F6P, DHAP/G3P, 2PG/3PG, R5P/RU5P/X5P) were measured on an ion-
chromatography/single quadrupole mass spectrometer system (Dionex, Thermo Finni-
gan) following a novel integrated sampling procedure [168].
Due to the limited number of measured metabolites in the analyzed data set, from a

broad literature survey metabolite data obtained from aerobic E. coli growth experiments
on glucose under various conditions (batch, chemostat and substrate pulse experiments)
were gathered, and based on these data the concentration ranges of 29 metabolites
were further restricted (see Supplement 2) assuming that these ranges re�ect the typical
variance of metabolite homeostasis. In the NET analysis, NAD(H) and NADP(H) were
considered with their ratios, NADH/NAD+ and NADPH/NADP+, and the adenylate
nucleotides, ATP, ADP and AMP, as adenylate energy charge (AEC, see Supplement 1
for de�nition). Upper and lower bounds for these ratios were also de�ned based on
respective values obtained from the literature survey (see Supplement 2). Beyond, the
concentrations of all other non-measured metabolites were - by default - restricted to
ranges that re�ect the typical levels in the cytoplasm, which usually lie within the µM to
mM range [62]. Thus, for the NET analysis, default minimal and maximal concentration
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limits were set to 0.001 and 10 mM, respectively.
The standard Gibbs energies of formation were calculated for an intracellular pH of 7.6

[177] and an ionic strength of 0.15 M [199] to re�ect E. coli 's intracellular conditions. The
energy required for transfer of protons from the cytosol to the extracellular environment
(or energy gained in the case of re�ux) was estimated using an experimentally determined
proton motive force of −150 mV [159]. Multiplication of this value with the Faraday
constant provided the respective Gibbs energy for proton translocation (−15 kJmol−1).

Analyzed Metabolome Data Set and Input Data for S. cerevisiae

Quanti�ed metabolite concentrations of S. cerevisiae CEN.PK 113-7D were obtained
from an aerobic, glucose/ethanol-limited chemostat culture at a dilution rate of 0.052 h−1

[118]. Measurements were performed for 18 metabolites (AKG, F16P, F6P, FUM, G1P,
G6P, GLX (glyoxylate), MAL, PEP, PYR, SUCC, TRE (trehalose), ATP, ADP, AMP,
ALA (L-alanine), ASP (L-aspartate), GLU (L-glutamate)) and three groups of pooled
metabolites (2PG/3PG, CIT/ICIT, NADH/NAD+) either by mass spectroscopy on a
LC-ESI-MS/MS system, by IE-HPLC or enzymatically. We analyzed the metabolite
data obtained after eight generation cycles. By default, the measured metabolite con-
centrations were considered as average concentrations over all intracellular compartments
using compartmental volume fractions given in Supplement 3. If, however, according to
the metabolic model a metabolite could not enter a particular compartment by di�u-
sion and was not participating in any active reaction, its concentration was assumed to
be negligible in this compartment under the assumption that available transporters are
not expressed. Analogous to the analysis of the E. coli data, default ranges that re�ect
physiological conditions were set for the non-measured metabolite concentrations, and
ratios of pyridine nucleotides and the AEC (see Supplement 3).
A cytosolic and mitochondrial pH of 7 and 7.5, respectively, was assumed (J J Hei-

jnen, personal communication, 2006), while an ionic strength of 0.15 M was used. To
translocate ions against the mitochondrial membrane potential of −180 mV [112], the
necessary energy was considered in the calculation of the respective Gibbs energies of
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reaction.

Determination of Flux Directions

Experimentally determined �uxes for E. coli were obtained from Nanchen et al. [128]
and for S. cerevisiae from Daran-Lapujade et al. [45] and Wu et al. [209]. To obtain
a �ux distribution (beyond the actually measured set of �uxes) that we used as input
data, we employed the optimization approach introduced by Blank et al. [18]:

min
∑

l

|rl| (3.5)

s.t.
∑

l

silrl = 0 (a)

rexp
m · (1 − δ) ≤ rm ≤ rexp

m · (1 + δ) (b)

rmin
l ≤ rl ≤ rmax

l (c)

In this optimization, the L1 norm of all �uxes rl (including the intracellular �uxes rj

as well as the exchange �uxes with the extracellular environment) is minimized under
the constraint that the mass balances hold (Eq. 3.5a; sil are the stoichiometric coe�-
cients including those of the intracellular reactions (sij), of the exchange �uxes and of
a pseudo-reaction describing biomass synthesis). The �uxes rm, for which experimen-
tal data are available, have to lie within a range δ (here: 10%) around the measured
values rexp

m (Eq. 3.5b). rmin
l and rmax

l are default �ux boundaries de�ning the reversibil-
ity/irreversibility of the intracellular and exchange �uxes (Eq. 3.5c).

Optimization

The optimization problems were solved using LINDO API (LINDO Systems Inc., IL,
USA) via the Matlab (The MathWorks Inc., MI, USA) interface. The actual formulations
of the employed optimization procedures are presented in Supplement 1.
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Abstract

We present a novel metabolomics-based approach for inferring metabolic reaction activ-
ities based on mass balances and thermodynamic constraints. By combining elementary
�ux mode (EFM) analysis and network-embedded thermodynamic analysis, we iden-
ti�ed reaction activities within the pyruvate/ethanol metabolism of either glucose or
ethanol grown Saccharomyces cerevisiae from measured metabolite concentrations. All
EFMs obtained from a compartmentalized stoichiometric metabolic model were tested
for thermodynamic feasibility considering measured metabolite concentrations and the
second law of thermodynamics. Such, the activity of several reactions operating in a
de�ned direction could be excluded or approved. To conclude, we demonstrate a uni-
versally applicable novel method that integrates thermodynamic with systematic mass
balance analysis to reduce the �ux solution space for highly �exible metabolic networks.

4.1. Introduction

Elucidating intracellular metabolic �uxes that are closely linked to the phenotype is im-
portant for gaining systems understanding of cellular processes. 13C-based �ux analysis
is a powerful tool to determine intracellular �uxes in central carbon metabolism of mi-
crobes [19, 59, 63]. As such, this technique has already signi�cantly contributed to our
understanding about microbial metabolism (cf. [18, 105, 167] for examples).
This technique, however, has certain limitations: First, �uxes of alternative metabolic

pathways can only be resolved if the pathways lead to di�erent labeling patterns in the
common end products, e.g. measured proteogenic or free amino acids [206]. This pre-
requisite is often not ful�lled if the labeled carbon substrate contains only few carbon
atoms (e.g. ethanol or acetate) or if the metabolic network of interest has a high degree
of redundant pathways (such as for instance the pyruvate metabolism in Saccharomyces
cerevisiae which is even distributed over di�erent compartments). A second limitation
of current 13C-labeling methods is that they can only be applied when cells are grown
on a medium containing a single or very few carbon sources and when the labeling of
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the measured compounds has reached a steady-state [206]. Despite ongoing attempts
to extent the applicability of 13C-based �ux analysis with respect to the latter point
[171, 207], not every experimental setup is accessible with this technique. Also, alter-
native intracellular experimental data is necessary to overcome the inherent limitation
in terms of resolvability of �uxes in complex networks with substrates that harbor only
few possibilities for labeling.
One such alternative type of data are quantitative metabolite concentrations. Novel

mass spectrometry based techniques today provide us with absolute concentrations of
most central carbon metabolites, free amino acids, and redox and energy co-factors.
Quantitative metabolite concentrations can in combination with the second law of ther-
modynamics be used to elucidate �ux directions and such contribute to �ux analysis
[102]. In fact, metabolite concentrations and thermodynamic principles were recently
integrated in the computational, constraints-based approach of �ux balance analysis
(FBA) [73, 78]. The validity of the �uxes predicted with these tools, however, strongly
depends on an assumption of a cellular objective (e.g. maximization of biomass yield)
to which the organism has adopted during evolution.
Here, we suggest a novel generally applicable metabolomics-based approach for infer-

ring reaction activities which avoids any evolution-based assumptions. Our approach in-
tegrates thermodynamic constraints based on measured metabolite concentrations with
mass balances in a combination of an elementary �ux mode (EFM) analysis and a
network-embedded thermodynamic (NET) analysis [102, 172]. By comprehensively ana-
lyzing the resulting space of possible �ux distributions, we are able to identify reactions
that were either active or inactive in the respective experiment as well as we could
elucidate possible reaction directions in complex metabolic networks which cannot be
resolved by 13C-based �ux analysis. The few requirements for this method are a stoi-
chiometric model of the metabolic network (such as [54]) as well as measured intra- and
extracellular metabolite concentrations.
To demonstrate the capabilities of our approach, we predict active reactions and reac-

tion directions for S. cerevisiae growing on either glucose or ethanol. Here, we focus on a

65



4. Metabolomics-based Elucidation of Metabolic Activities

part of the metabolic network, which is particularly hard to resolve with 13C-based �ux
analysis, i.e. the connection of Embden-Meyerhof-pathway (EMP), tricarboxylic acid
(TCA) cycle, and ethanol metabolism.

4.2. Approach to Predict Active and Inactive
Reactions

Our metabolomics-based approach for inferring active and inactive reactions consists
of two main steps as illustrated in Fig. 4.1. First, a stoichiometric model of the con-
sidered metabolic network is used to describe all mass-balanced �ux distributions via
EFMs. Second, measured intracellular metabolite concentrations and NET analysis are
applied to identify the subset of thermodynamically feasible EFMs. As shown in the
appendix, any thermodynamically feasible and thus actually possible �ux distribution
can be described by linear combinations of thermodynamically feasible EFMs. Hence, by
analyzing the set of thermodynamically feasible EFMs, we can identify reactions that are
either inactive or active in the given experiment. While inactive reactions are inferred
solely from the set of thermodynamically feasible EFMs, information about measured
extracellular rates such as biomass or ethanol production are exploited to identify active
reactions. In the following, the two steps of our approach are described in detail.

Step I: Exploiting Mass Balance Constraints for Inference of a Preliminary Set
of Active Reactions

(a) Describing Mass-balanced Flux Distributions via EFMs At steady-state where
intracellular metabolite concentrations cj do not change over time, a mass-balanced �ux
distribution r that assigns a particular metabolic rate to each reaction i is described by

dcj

dt
=

∑
i

Sji ri = 0. (4.1)

Here, S is the stoichiometric matrix of the known metabolic network. Additionally, a
priori assumptions are typically imposed on the reactions' reversibility:

ri ∈ {reversible; irreversible}. (4.2)
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Figure 4.1. Overview on metabolomics-based approach for inferring active and inactive reactions
as well as for restriction of reaction directions.

In most cases, Eqn. 4.1 is underdetermined and an in�nite number of solutions exists.
The space of possible �ux solutions can be described with elementary �ux modes (EFM),
which are derived from Eqns. 4.1 and 4.2 [172]. Any mass balanced �ux distribution ri

is a weighted sum of all EFMs ej with non-negative weighting coe�cients αij [171]:

ri =
∑

j

αijej . (4.3)

(b) Inferring Active Reactions By drawing on measured extracellular rates a prelim-
inary set of active reactions can be identi�ed from the EFMs. As only mass-balance but
not thermodynamic constraints are considered at this point this is just a preliminary
set which will be extended in step II. The identi�cation is done as follows: From the
EFMs, we �rst extract subsets that contain a non-zero �ux for a certain extracellular
rate which was also non-zero in the experiment (i.e. that produce or consume a certain
extracellular compound). As an example, for a growing organism, one such subset would
contain all biomass producing EFMs. In all of these subsets, there must exist at least

67



4. Metabolomics-based Elucidation of Metabolic Activities

one EFM that contributes to the actual �ux distribution to be consistent with exper-
imentally observed extracellular rates. Such, a reaction that has a forward �ux in all
EFMs of a particular subset will also have a forward �ux in the real �ux distribution.
Consequently, such reactions are necessarily active in the given experiment. The such
identi�ed preliminary set of active reactions is applied as additional constraints in the
following test for thermodynamic feasibility.

Step II: Exploiting Thermodynamic Constraints for Inference of Active/Inactive
Reactions and Restricted Directions

(a) Imposing Thermodynamic Constraints onto EFMs. According to the second
law of thermodynamics, the substrates of a reaction must have a higher Gibbs energy
of formation, ∆fG, than the products. In other words, the Gibbs energy of a reaction,
∆rG, which is calculated from the reactants' ∆fGs and the reaction stoichiometry, has
to be negative in the direction di of the proceeding reaction i:

∆rGi(c) · di < 0 . (4.4)

The Gibbs energies depend on the reactants' concentrations c, and hence, measured
metabolite levels impose constraints on allowed reaction directions. Such testing for
an allowed operational direction can now also be performed with EFMs. An EFM
contains a de�ned set of reaction directions, and measured metabolite concentrations
can thus be used to determine the thermodynamic feasibility of an EFM. To identify
the set of thermodynamically feasible EFMs, each EFM is tested for its thermodynamic
feasibility with measured metabolite concentrations by employing the NET analysis
framework [102]. Finally, as is shown in the appendix, any thermodynamically feasible
�ux distribution rfeasible

i can be described as a linear combination of thermodynamically
feasible EFMs, efeasible

j .
rfeasible
i =

∑
j

βije
feasible
j . (4.5)
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(b) Inferring Inactive and Active Reactions By analyzing the subset of thermody-
namically feasible EFMs, we can now infer inactive and (more) active reactions. Inac-
tive reactions are those reactions that have a zero �ux in all thermodynamically feasible
EFMs. Active reactions are again derived by using the information about measured
extracellular rates as was described above. In addition, for reversible reactions in the
model possible directions can be inferred though they were not necessarily active in the
given experiment. Such reactions display both forward and backward directions in the
complete set of EFMs, but in the subset of thermodynamically feasible EFMs they only
occur with only positive (or only negative) or zero �ux values in the EFM subsets de�ned
based on the extracellular rates.

4.3. Results

To demonstrate the suggested approach, we aimed at elucidating reaction activities
in S. cerevisiae when grown on either glucose or ethanol. We focused particularly
on the complex part of metabolism that connects glycolysis, TCA cycle, and ethanol
metabolism respectively. It is characterized by many parallel pathways and a high con-
nectivity and moreover spread over two subcellular compartments - mitochondria and
cytosol. Identifying reaction activities is highly desired in this node as particularly the
�uxes during growth on ethanol cannot be resolved with 13C-labeling experiments due
to the limited label information this C2 molecule can carry.

4.3.1. Experimental Data and Metabolic Model Applied As
Inputs

The metabolite concentrations that we used for our analysis were obtained from a
S. cerevisiae batch experiment on glucose minimal medium (cf. A.1). Here, speci�cally
we used data from the two consecutive growth phases on glucose and ethanol, respec-
tively. For these steady-state periods, we determined averaged intracellular concentra-
tions and estimated constant extracellular rates from the extracellular concentrations
(cf. Methods). In contrast to these readouts the extracellular concentrations do not stay
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constant and we chose a time point in the midst of each growth phase from which these
concentrations were used as input data for the analysis.
A further requisite for our method is a stoichiometric model of the metabolic net-

work that is able to describe the possible �ux distributions for these two growth phases.
As it is yet not possible to enumerate EFMs for genome-scale stoichiometric models
such as iND750 [54, 95], we constructed a smaller model using iND750 as a com-
pendium of S. cerevisiae's reactions. The built smaller model describes the central car-
bon metabolism in detail and considers the compartments cytosol and mitochondria.
In order to adapt the model to each respective growth phase and to thus reduce the
number of EFMs to be calculated, we additionally exploited biochemical knowledge and
the experimentally observed extracellular rates to eliminate reactions or constrict their
directionality. For instance, we used the latter information to eliminate certain exchange
�uxes from the model prior to EFM enumeration (cf. Methods and Supplementary File
1 for a detailed description of the employed model). Thus we had two models each
presenting one growth phase and harboring approximately. 200 reactions for which we
enumerated the EFMs (cf. Tab. 4.1).

Table 4.1. Number of reactions in the models and the respective number of EFMs for growth
on glucose and ethanol. Here, variable reactions are those for which the activity is not determined
based on mass balance constraints alone.

glucose ethanol
Reactions variable variable

biochemical reactions 148 28 146 28
transporter 41 14 37 13
lumped biomass synthesis 20 0 20 0
exchange �uxes with environment 11 0 8 0

220 42 211 41

EFMs
in total 480858 287262
thermodynamically feasible 234507 (48.8%) 14078 (4.9%)
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4.3.2. Inferred Active Reactions due to Mass Balances

As described above, drawing on measured extracellular rates, the analysis of the whole
set of EFMs yields the preliminary sets of active reactions. In the glucose growth phase,
besides biomass also ethanol, acetate, and pyruvate are produced, while during growth
on ethanol only biomass is produced.
Here, we �nd that for both substrates about 75% of all reactions need to be active

solely based on mass balance constraints. Nevertheless, especially in central carbon
metabolism a high degree of variability still exists as most preliminary active reactions
belong to the linear but not lumped pathways for amino acid biosynthesis: There are 42
(for glucose) and 41 (for ethanol) so-called variable reactions or transporters left whose
activity cannot be predicted based on mass balance considerations alone (Tab. 4.1). In
the next step, we exploit the measured metabolite concentrations and the such imposed
thermodynamic constraints to infer reaction activities of this set of variable reactions in
particular.

4.3.3. Inferred Inactive/Active Reactions and Restricted
Directions from Thermodynamically Feasible EFMs

Applying NET analysis, we tested all EFMs for the glucose and the ethanol growth
phase for their thermodynamic feasibility based on the measured extra- and intracellular
metabolite concentrations. Here, as outlined above, we also considered the preliminary
set of active reactions as constraints in order to further restrict the possible �ux solution
space.
Considering the measured concentrations and the preliminary set of active reactions,

we found that almost 50% of the EFMs for glucose and 5% of the EFMs for ethanol
were thermodynamically feasible (Tab. 4.1). This can either be due to the fact that the
measured concentrations are indeed more constraining in case of ethanol. However, as
two di�erent models were applied this di�erence could also be a result of di�erent as-
sumptions used to construct the models. The analysis of these sets of thermodynamically
feasible EFMs then allowed us to identify further active reactions as well as direction
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restrictions for in principle reversible reactions. A necessarily inactive reaction was not
identi�ed. For growth on glucose, we could infer one additional active reaction and one
was restricted into one direction, while for ethanol, �ve such reactions were identi�ed and
additionally three potentially reversible reactions were restricted to one direction. As
the latter three reactions still can take non-zero �uxes in biomass producing EFMs, they
are not necessarily active. The predicted active reactions and the direction restrictions
are summarized in Tab. 4.2 and a general overview of the predicted active reactions as
provided by both constraints is shown in Fig. 4.2. The �ndings from the thermodynamic
analysis will be discussed in the following.

Table 4.2. Inferred active reactions and reaction directions. Abbr.: ACS, acetyl-CoA synthesis;
ALDD2y, cytosolic NADP-dependent aldehyde dehydrogenase reaction; GLUDy, cytosolic glutamate
dehydrogenase reaction; HSK, homoserine kinase reaction; THRS, threonine synthase reaction;
ACOAH, acetyl-CoA hydrolase reaction; AGKt2m, mitochondrial α-ketoglutarate transport; THRA,
threonine aldolase reaction.reaction direction enzyme gene growth phase

active in certain direction
ACS ac → accoa cytosolic acetyl-CoA synthase ACS1/ACS2 glucose, ethanolALDD2y acald → ac cytosolic acetaldehyde dehydrogenase(NADP�dependent) ALD6 ethanol

GLUDy akg → L-glu glutamate dehydrogenase (NADP�dependent) GDH1 ethanolHSK hom → phom homoserine kinase THR1 ethanolTHRS phom → L-thr threonine synthase THR4 ethanol
direction restricted to one direction

ACOAH accoa → ac acetyl-CoA hydrolase ACH1 glucose, ethanolAKGt2m akg[m] → akg[c] mitochondrial transport of α�ketoglutaratevia proton symport ethanol
THRA acald + L-thr → gly threonine aldolase GLY1 ethanol

4.3.4. Validation of Inferred Activities and Direction Restrictions
Obtained from Thermodynamic Constraints

To validate the suggested approach for inferring reaction activities, we compared our
predictions with information from the literature. For a reaction, which is predicted to
be active, a gene deletion mutant that is unable to catalyze this particular reaction
should have a phenotype that is di�erent from the wildtype. Hence, the fact that such a
mutant is growing di�erently or even is non-viable serves as indication that the respective
reaction is indeed active in the wildtype.
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Inferred Active Reactions The cytosolic acetyl-CoA synthesis (ACS) is predicted to
be active in both growth phases. This reaction is proposed (i) to provide the lipid
metabolism with cytosolic acetyl-CoA and (ii) to assimilate acetate and ethanol as car-
bon sources [100, 192]. Two genes - ACS1 and ACS2 - are known to encode acetyl-CoA
synthases (which both can catalyze for the ACS reaction) both of which localize to the
cytosol [176]. An ∆acs1 acs2 double mutant was found to be not viable on both carbon
sources [192], which con�rms our prediction that this reaction is active.
The cytosolic NADP-dependent aldehyde dehydrogenase (ALDD2y) reaction, which

is active according to our analysis, is encoded by the constitutively expressed ALD6
gene [176]. Here, a decreased growth rate of a ∆ald6 mutant on ethanol in comparison
to the wildtype validates also this activity prediction.
Our analysis further suggested that glutamate is produced via the cytosolic glutamate

dehydrogenase (GLUDy) encoded by GDH1, while also synthesis via alternative mito-
chondrial reactions is possible [176]. Disruption of the GDH1 gene was found to lead to
a slower growth rate on ethanol compared to the wildtype [48]. Such, also this activity
prediction is in-line with experimental observation.
The homoserine kinase (HSK) and threonine synthase (THRS) reaction, which we

inferred to be active for growth on ethanol, are consecutive reactions in the biosynthe-
sis path for L-threonine. In our model, the threonine aldolase reaction constitutes an
alternative path to produce L-threonine. For growth on ethanol, we did not �nd any
information about the phenotype of the corresponding gene deletion mutants growing
on ethanol. Nevertheless, in the Saccharomyces Genome Database (SGD) the synthesis
of threonine via HSK and THRS is the only documented biosynthetic route [176]. Such,
our prediction is at least in-line with the common biochemical knowledge.

Inferred Reaction Directions Our analysis predicted that the acetyl-CoA hydrolase
(ACOAH), if it was active, only could convert acetyl-CoA to acetate and CoA and not
vice versa on both ethanol and glucose. While it was shown that the corresponding gene
ACH1 is repressed on glucose [109], unfortunately, no information about this reaction

74



4.3. Results

for growth on ethanol could be found. Nevertheless, in-line with our directionality
prediction, it was suggested that for acetate utilization the enzyme is indeed hydrolyzing
acetyl-CoA [109].
For the threonine aldolase (THRA) reaction, we inferred that it converts L-threonine

to glycine but not vice versa. Hence, it can be used for biosynthesis of the glycine but
not the L-threonine. This �nding is in-line with this reaction's assignment to glycine,
but not L-threonine biosynthesis in SGD.
Finally, our analysis predicted that α-ketoglutarate can only be exported from the

mitochondria to the cytosol (AKGt2m). This can be interpreted as a potential excess of
α-ketoglutarate in the mitochondria in comparison to the cytosol which would at least
be in-line with another prediction we made: Considering the here postulated synthesis of
glutarate from α-ketoglutarate in the cytosol (cf. GDH1 discussion above), it is conceiv-
able that α-ketoglutarate which is produced in the mitochondria has to be transported to
the cytosol. Summarizing the validation, as all inferred activities and directions are con-
sistent with literature data, we conclude that our novel thermodynamics-based approach
produces correct results.

4.3.5. Evaluation of Additional Constraints for Growth on
Glucose

As only one reaction was predicted to be necessarily active during growth on glucose,
we asked whether there are any means to increase the number of predictions. For this,
we evaluated whether an additional constraint on the cytosolic NADH/NAD+-ratio, a
readout that can be determined experimentally [33], would help. Thus, we re-calculated
the set of thermodynamically EFMs by assuming physiologically reasonable ratio values
(i.e. 0.1, 0.02, 0.01, and 0.002 [33] with assuming a ±20% error range). For any assumed
ratio value, this additional constraint resulted in one additional prediction: The cytosolic
malate dehydrogenase turned out to be inactive in these scenarios. This gluconeogenetic
enzyme encoded by MDH2 is known to be not used in for growth on glucose [124].
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4.4. Discussion

In this work, we developed a novel, metabolomics-based framework to identify active and
inactive reactions suitable for complex metabolic networks. Therefore it can aid classical
13C-�ux analysis in cases were it so far cannot be used to resolve �uxes. We demonstrated
our approach by analyzing data from S. cerevisiae growing either on glucose or ethanol
and validated our predictions with knowledge from the literature. As our approach can
be applied to any steady-state growth and is in particular not limited with respect to
the utilized carbon substrates, it is widely applicable.
Comparing our �ndings with �ux distributions determined by 13C-labeling experi-

ments on glucose [20, 105, 116] and truly computationally by �ux balance analysis for
ethanol [105], we could locally achieve a more detailed view on the here considered
metabolic node. For instance, a potential utilization of the threonine aldolase for pro-
duction of L-threonine was neglected in the models in above mentioned studies. For
this reaction, we inferred that the threonine aldolase can only produce glycine from
L-threonine and not vice versa. Such, our approach to assess reaction activities and
directions con�rms assumptions a priori made for the 13C-based and the purely stoi-
chiometric �ux balance analysis.
The exemplary analyzed data set contained only cell averaged concentrations, and

many metabolites especially in the complex pyruvate metabolism (i.e. acetaldehyde, ac-
etate, and ethanol) were not determined. Nevertheless, we identi�ed several reactions
that have to proceed due to thermodynamical consistency with measured intracellular
concentrations. We envision that a larger number of predictions can be made if more
metabolites were measured. The young �eld of quantitative metabolomics is rapidly de-
veloping and the number of quanti�able metabolites still increases. Here, our framework
can also be used to identify most informative metabolite concentrations. For instance, in
a �rst approach to this question, we tested hypothetical cytosolic NADH/NAD-ratios.
In a more systematic approach, all metabolite concentrations could be screened within
their supposed physiological ranges.
Besides the restricted number of predictions due to scarce data sets, another current
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limitation of our approach relates to the computational side. Computation of EFMs was
so far not feasible for genome-scale networks and especially for growth scenarios with
complex media or multiple extracellular products. However, very recently, an algorithm
to calculate EFMs for genome-scale networks was developed (J. Stelling, pers. commu-
nication).
Summarizing, the here developed approach can be used to reveal operative metabolic

reactions in complex metabolic networks where 13C-based �ux analysis meets its resolu-
tion limits.

4.5. Methods

Experimental Data

All experimental data were obtained in experiments, which are described in detail in the
appendix. Shortly, S. cerevisiae FY4 was grown on glucose minimal medium in batch
mode. After glucose depletion, the culture entered a second growth phase on ethanol.
During both steady-state growth phases, samples were withdrawn from the broth to
determine the time courses of the biomass concentration and the concentrations of ex-
tracellular as well as intracellular metabolites. All but the intracellular concentrations
obtained by LC-MS/MS experimental data were obtained from averaging over three
independent experiments.

Extracellular Rates

Uptake and production rates were determined from the monitored time courses of the
biomass and extracellular metabolite concentrations. By �tting spline curves to these
data (via Matlab function spaps), we derived time-resolved production/excretion rates.
Time periods, during which these rates stayed constant and concomitantly biomass
production occurred, were de�ned as steady-state growth phases. Such, we de�ned the
glucose and ethanol growth phase and also determined the extracellular rates in the two
phases (cf. Supplementary File 2).
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Metabolite Concentrations for Each Growth Phase

As the intracellular metabolite concentrations remained constant during each growth
phase, we calculated concentrations for each growth phase by averaging the concentra-
tions measured at all corresponding time points. As the extracellular concentrations
changed over time, we chose one time point in the midst of each growth phase and used
the corresponding concentrations in the analysis: Based on the de�ned periods of steady-
state growth, the used concentrations for glucose, ethanol, acetate, and pyruvate were
those determined for 2 h before glucose depletion (for the glucose growth phase) and 5 h
after glucose depletion (for the ethanol growth phase). Concentrations for extracellular
inorganic phosphate and ammonia were estimated as the di�erence of the initial concen-
tration and the amount already incorporated in the current amount of biomass. This
calculation was based on a biomass composition of CH1.769N0.146O0.631P0.009S0.00162M0.019

[108].

Metabolic Model

Using the genome-scale model iND750 [54] as a compendium of biochemical reactions
in S. cerevisiae, we constructed a model that describes in detail the central carbon
metabolism with two compartments, namely cytosol and mitochondria. Speci�cally,
from the iND750 model, we selected the cytosolic or mitochondrial reactions belonging
to glycolysis/gluconeogenesis, pentose-phosphate pathway (PPP), TCA cycle, anaplero-
sis, pyruvate metabolism, and oxidative phosphorylation. A cytosolic malate synthase
was added to complement the glyoxylate shunt [104].
For L-alanine, two biosynthetic routes from pyruvate were included: cytosolic and

mitochondrial alanine transaminase reactions, which were assumed to solely produce
but not degrade L-alanine [19, 116]. Furthermore, L-glutamate could be produced via
three alternative pathways: cytosolic or mitochondrial NADP-dependent glutamate de-
hydrogenase from α-ketoglutarate or mitochondrial NAD-dependent glutamate synthase
from α-ketoglutarate and glutamine [191]. For glycine synthesis, we implemented three
pathways such that it could be synthesized in the mitochondria via (i) alanine-glyoxylate
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transaminase [170], or in the cytosol by (ii) glycine hydroxymethyltransferase from ser-
ine [89], or (iii) from L-threonine via threonine aldolase [125]. As the latter reaction
was assumed to be reversible, it could also be used to produce L-threonine, and such it
constitutes a second possibility to produce L-threonine next to the linear pathway from
L-aspartate. For all other amino acids, the model contains only one linear cytosolic
pathway consisting of consecutive enzymatic reaction steps. Here, no alternative paths
exists or are excluded based on biochemical literature as it was done also to construct
models for 13C-based �ux analysis [19, 116].
The model further includes transport reactions across the mitochondrial membrane

for metabolites that participate in reactions in both the cytosol and the mitochondria.
Additional transport reactions (i.e. for L-glutamate, α-ketoglutarate, homocitrate, gly-
oxylate, and 2-oxobutanoate) that were not contained in iND750 were added to prop-
erly connect additionally included alternative pathways for amino acid synthesis to the
metabolic network. In the model, carbon molecules that can be exchanged with the
environment are glucose, glycerol, pyruvate, acetate, ethanol, succinate, and CO2.
The biomass composition was adopted from iND750 besides that trehalose and glyco-

gen were discarded since carbohydrate storage was not considered in our model. Lumped
reactions for synthesis of the remaining biomass constituents, i.e. lipids, nucleotides, and
cell wall components from the corresponding precursors were determined based on the
biomass composition as provided in iND750.

EFM Enumeration

To determine the EFMs speci�c for either the glucose or ethanol growth phase, we draw
on additional knowledge to reduce the model for each growth phase speci�cally and to
such also reduce computational e�ort in EFM enumeration. Exchange �uxes with the
environment were set according to the respectively measured extracellular rates. For the
glucose growth phase, acetate, pyruvate, and ethanol were only allowed to be excreted,
while only glucose could be taken up. For the ethanol growth phase, acetate, pyruvate,
and glucose exchange were eliminated from the model, and only ethanol was allowed to
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be taken up. For both growth phases, succinate exchange was excluded as there was
only minor production of this metabolite throughout the whole experiment. We also
excluded glycerol production from intermediates of the EMP's upper part as we here
focus on the �uxes in ethanol metabolism. Supplementary File 1 provides the in this
way constructed model.
Furthermore, biochemical knowledge on major �ux directions was exploited to also

exclude intracellular reactions or restrict them into one direction. Noteworthy, applying
these assumptions we only exclude �ux distributions that do not comply with a priori
knowledge on the direction of metabolic �uxes. For growth on glucose, the EMP was
assumed to proceed in glycolytic mode and gluconeogenetic reactions were eliminated
as well as the malate synthase [29]. The non-oxidative branch of the PPP was restricted
to operate from the ribulose 5-phosphate to the EMP intermediates, while the oxidative
branch of the PPP was eliminated. The alcohol dehydrogenases were only allowed to
produce ethanol. For growth on ethanol, the EMP was restricted to the gluconeoge-
netic direction and exclusively glycolytic reactions were eliminated. The TCA cycle was
assumed to operate in the cyclic, respiratory mode.
The two model versions speci�cally adapted to each carbon source are also provided

in Supplementary File 1. All modi�cation with respect to iND750 are documented in
this �le. To calculate the EFMs, the freely available software Metatool [143] was applied
via Matlab functions supplied in [190].

Testing EFMs for Thermodynamic Feasibility

Testing each EFM for its thermodynamic consistency with respect to the measured
concentrations was performed with NET analysis (cf. 3 for details about this tool). To
reduce computational e�ort, we applied a three step procedure to reduce the number of
EFMs that had to be tested by NET analysis. Here, we make use of single reactions, for
which we know that they are restricted to one direction due to measured concentrations
and the preliminary set of active reactions without considering constraints imposed by
neighboring reactions. If a such de�ned direction contradicts the corresponding direction
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in an EFM the EFM can be classi�ed as thermodynamically infeasible right away, and
it is not necessary to make use of the NET analysis framework.

Speci�cally, we �rst calculate possible ranges of Gibbs energies for each reaction based
on the measured concentrations and the preliminary set of active reactions using the NET
analysis framework. Exclusively positive (negative) ranges indicate that the respective
reaction can only proceed in backwards (forwards) direction. The such derived direc-
tion restrictions apply also for all thermodynamically feasible EFMs that are used to
describe the possible �ux distributions as the concentrations and active reactions apply
for the actual �ux distribution. Hence, in the second step, we make use of these reaction
directions to identify a �rst set of EFMs, which cannot be thermodynamically feasible:
These EFMs assign an opposite direction to a reaction compared to the on that is al-
lowed by the direction restriction that were derived in the �rst step. In the third step,
we �nally test the remaining EFMs for thermodynamic feasibility by again using NET
analysis. Here, additional EFMs can be excluded from the set of thermodynamically
feasible EFMs: A reaction direction might be incompatible with measured concentra-
tions only if other reactions are active and such impose additional constraints on the
concentrations. Such cases are disclosed by NET analysis. Hence, by sorting out all
thermodynamically infeasible EFMs obtained in the latter two steps, we determine the
set of thermodynamically feasible EFMs.
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4.6. Appendix - Thermodynamically Feasible Flux
Distributions as Linear Combinations of
Thermodynamically Feasible EFMs

In the following, we demonstrate that the subset of thermodynamically feasible EFMs is
su�cient to describe all thermodynamically feasible �ux distributions. In other words,
we reason that Eqn. 4.5 constitutes a necessary condition for any thermodynamically
feasible �ux distribution. A paper on a mathematical proof to this is in preparation and
we here only give an illustrated outline of the reasoning.
Before we demonstrate that Eqn. 4.5 indeed holds true, we �rst de�ne terms that

will be used in the following. We de�ne the direction pattern of a �ux distribution as
the sign pattern of its reaction rates. Here, a direction pattern is denoted by a vector
containing all indices of active reactions with the sign corresponding to the direction
(cf. Fig. 4.3). Furthermore, a subset of the entries of a such de�ned pattern vector
describes a direction pattern subset to the respective direction pattern. We call reactions
bi-directional if at least one EFM assigns a forward and at least one EFMs assigns a
backward �ux. All others are called uni-directional. An active reaction is a reaction to
which either a positive or a negative reaction rate is assigned, i.e. a net conversion of
reactants in a certain direction is proceeding. Hence, a direction pattern of a particular
EFM contains either positive or negative indices of all active bi-directional reactions,
and positive indices for all active uni-directional reactions.
First, we consider EFMs that are solely composed of active uni-directional reactions.

Here, we demonstrate that a linear combination of EFMs of which at least one is a
thermodynamically infeasible EFM, that contains only active uni-directional reactions
(e.g. EFMs I and II in Fig. 4.3B), cannot be a feasible �ux distribution. Such EFMs
are always direction pattern subsets of a �ux distribution they contribute to. For in-
stance, for the combination of the EFMs I and II in Fig. 4.3B both EFMs are direction
pattern subsets. Each additional active reaction leads to an additional thermodynamic
constraint, i.e. another instance of Eqn. 4.4. In consequence, a �ux distribution, to which
also a thermodynamically infeasible EFM contributes, will also be infeasible. In other
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Figure 4.3. Example network with corresponding EFMs and �ux distributions. A: Example network
consisting of �ve uni-directional and one bi-directional reaction and the four corresponding EFMs.
B: The displayed �ux distributions is an equally weighted linear combinations of either EFMs I and
II or III and IV. C: The direction patterns of the EFMs I, II, and III are direction pattern subsets of
the direction patterns of the displayed �ux distribution, which is a linear combination of EFMs I, II,
and III.

words, a thermodynamically infeasible EFM containing only uni-directional reactions
cannot be combined with another EFM such that the combination is feasible.
Now, we extent the discussion to EFMs that also contain active bi-directional reactions

(EFM III and IV in Fig. 4.3B). Then, the direction pattern of an EFM that contributes to
a �ux distribution does not need to be a direction pattern subset of this �ux distribution.
For example, an equally weighted combination of EFMs III and IV in Fig. 4.3B gives
a �ux distribution where the bi-directional reaction becomes inactive as the opposite
�uxes in EFMs III and IV cancel each other out. Then, the thermodynamic constraint
on this reaction is released as the second law of thermodynamics applies only to active
reactions. Hence, the �ux distribution could be thermodynamically feasible although
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one or more of the contributing EFMs may be infeasible.
Thus, the key question here is whether we exclude valid thermodynamically feasible

�ux distributions if we only use thermodynamically feasible EFMs to describe the pos-
sible �ux distributions. This is not the case as will become clear in the following: As a
central property of EFMs, the number of zero entries is maximized for each EFM [171].
As a consequence of this property, for a bi-directional reaction that can have a zero
�ux in a �ux distribution, there exists an EFM that has a zero �ux for this reaction
(M. Terzer, pers. communication). This EFM can then be used to construct the �ux
distribution in an alternative way. Using the example from above, where combining
EFMs III and IV resulted in a zero �ux for the bi-directional reaction, we see that the
combination can also be reconstructed by EFMs I and II.
It is important to note that a combination of feasible EFMs does not necessarily have

to be a feasible �ux distribution: For instance, the EFMs I, II, and III all contribute
to the displayed �ux distribution in Fig. 4.3C. In our approach, only the direction
pattern subsets corresponding to one of the EFMs are tested for their thermodynamic
feasibility but not the complete direction pattern of the �ux distribution. Such, it is not
tested whether the thermodynamic constraints that correspond to all active reactions of
the �ux distribution lead to infeasibility if applied simultaneously. Therefore, although
for a feasible �ux distribution all direction pattern subsets also must be feasible, the
�ux distribution does not have to be feasible if the tested direction pattern subsets are
feasible. Noteworthy, Beard and co-workers applied a similar approach for an ab initio
prediction of reaction irreversibility for constructing metabolic models, however without
incorporating experimental data.

Supplementary Files

Supplementary �les are available on the CD provided with this document.
Model Spreadsheet (Supplementary File 1 - Metabolic model.xls) containing the applied

model and the reduced versions for glucose and ethanol.

Extracellular Rates Figure (Supplementary File 2 - Extracellular rates.pdf) displaying
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the extracellular rates calculated from the measured time courses of extracellular
concentrations.

Concentration Data Spreadsheet (Supplementary File 3 - Measured concentra-
tions.xls) containing the applied metabolite concentrations for testing for ther-
modynamic feasibility.

Thermodynamically Feasible EFMs Spreadsheet (Supplementary File 4 - EFM anal-
ysis.xls) that gives an overview on the whole sets of EFMs and the sets of thermo-
dynamically feasible EFMs for ethanol and glucose, respectively.
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Abstract

To understand the e�ects of signalling and regulation on metabolism, glucose repres-
sion in two commonly used yeast strains was quantitatively assessed using a data driven
approach to detect metabolic and regulatory di�erences. In particular, the glucose re-
pression state of S. cerevisiae CEN.PK 113-D7 and FY4 were compared based on quan-
titative, large-scale proteomics and metabolomics data sets as well as metabolic �uxes.
The strains display comparable degree of glucose repression on the �ux level as extra-
cellular yields and the respiratory TCA cycle activities are similar. Nevertheless, di�er-
ences in protein and metabolite concentrations were observed which indicated that the
Hxk2-dependent signalling is stronger in CEN.PK. Di�erences in e�ective signaling and
regulation became also evident as the glucose repression state on �ux level - indicated
by the respiratory TCA cycle activity - for a genetic perturbation di�ers signi�cantly:
While glucose repression was maintained in FY4, CEN.PK switched to a respiratory
metabolism upon a ∆hxk2 deletion. We could demonstrate that a point mutation in the
CYR1 gene is underlying this particular distinct behavior.

5.1. Introduction

The availability of glucose, Saccharomyces cerevisiae's preferred carbon source, is to a
large extent decisive for the cells' metabolic state e.g. whether the cell grows fermenta-
tively or respiratory. The amount of glucose is sensed and complex signaling pathways
transduce this signal to regulatory pathways that eventually realize the desired metabolic
adjustments. Today, a large body of knowledge about the glucose-dependent signaling
and regulation is available (cf. [161, 163, 164] for review). The major signaling and reg-
ulatory pathways acting on central carbon metabolism (CCM) during high extracellular
glucose concentrations are the main glucose repression pathway and the cAMP/PKA
signaling pathway.
A key protein in the main glucose repression pathway is the hexose phosphorylating

enzyme Hxk2 which activates the transcriptional activator Mig1 via deactivation of
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the protein kinase Snf1 [96]. Besides its catalytic function to phosphorylate glucose,
Hxk2 represses respiration, tricarboxylic acid (TCA) cycle activity, and utilization of
alternative substrates. Such, it is a crucial regulator for glucose repression [5, 15, 115,
160, 174] (cf. [126] for review). The cAMP/PKA signaling pathway has similar e�ects
on central carbon metabolism [127, 140, 189, 203]. The main regulator of this pathway,
PKA, is activated by cAMP, which is synthesized by the adenylate cyclase Cyr1 [90]. Yet,
the intracellular signal inducing cAMP synthesis has not been elucidated. Furthermore,
the main glucose repression pathway and the cAMP/PKA pathways are interconnected:
For instance, glucose phosphorylation catalyzed by Hxk2 is assumed to also activate the
cAMP/PKA signaling [163]. Also, PKA is known to be involved in the Hxk2-dependent
inhibition of Snf1 [163]. Such, both pathways can produce a similar metabolic state.
At the presence of high glucose concentrations and despite the presence of oxygen,

these signaling and regulatory pathways trigger a partially fermentative metabolism via
repression of a large number of genes. Physiologically, the glucose repression is signi�ed
by production of ethanol and a low intracellular respiratory metabolic �ux through the
TCA cycle. Glucose repressed genes have been experimentally determined by detecting
their transcriptional or translational products [205]. Both, metabolic �uxes as well as
expression of transcripts and proteins were exploited to determine the e�ectiveness of
glucose repression (e.g. [77, 151, 174]).
For studying glucose signaling and repression, both S288C descendants [114, 115, 135,

160] and CEN.PK strains [77, 174, 174, 205] are often employed. Although the topology
of the signaling and regulatory network is most likely identical in these strains, the
interaction strengths between the molecular signaling and regulation compounds and
their targets in metabolism are likely to di�er between strains. One such di�erence is,
for example, caused by a known point mutation in CEN.PK's CYR1 gene encoding the
adenylate cyclase. As a result, this strain lacks the otherwise typical cAMP increase upon
sudden glucose excess [194]. Thus, unknown genetic di�erences that even only a�ect the
strength of signaling and regulation, are potential reasons for apparently contradicting
experimental observations of studies using di�erent strains (e.g. [75] and [123], or [152]
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and [75]). In cases where the signaling and regulation topologies are identical, divergent
outcomes of the same perturbation in di�erent strains can be explained by di�erent
signaling and regulatory interactions strengths.
Here, using a systems biology approach, we aimed deciphering quantitative di�erences

in glucose signaling and regulation under glucose excess conditions in the two prototroph
MATa yeast strains CEN.PK113-7D (representing CEN.PK strains and referred to as
CEN.PK in the following) and FY4 (representing S288C isogenic strains). Speci�cally,
we characterized the metabolic state of CEN.PK and FY4 under glucose excess condi-
tions. For this, we determined growth rates, uptake and excretion rates, the respiratory
�ux through the TCA cycle, as well as the metabolic proteome and metabolome using
di�erent mass spectrometry platforms. Although the strains display comparable degree
of glucose repression on metabolic �ux level, the protein concentrations indicate that
glucose repression on the protein level is more e�ective in CEN.PK, presumable due to
a stronger Hxk2-dependent signaling. The metabolic �uxes in ∆hxk2 deletion mutants
moreover revealed that in CEN.PK, but not in FY4, the glucose repression solely de-
pends on HXK2. To next assess the e�ect of the known genetic di�erence in CYR1, we
additionally employed the strain CEN.PK JT4 in which the CYR1 point mutation is
reverted. This strain, too, was characterized on metabolic level and we compared the
e�ects of a HXK2 deletion on metabolic �uxes in all three strains. This revealed that
HXK2 's essentiality for glucose repression in CEN.PK is due to the known defect in the
cAMP/PKA pathway. Moreover, our results indicate a higher cAMP/PKA activity in
CEN.PK that is potentially triggered by a Hxk2-dependent signal.

5.2. Results

5.2.1. Di�erences Between CEN.PK and FY4

We �rst comprehensively characterized the two strains when aerobically grown on high
glucose concentrations. Speci�cally, we determined the extra- and intracellular physiol-
ogy and the concentrations of about 36 metabolites and 84 proteins.
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Table 5.1. Yeast strains used in this work.
Strain Relevant genotype Source or reference
CEN.PK 113-7D MATa Euroscarf, [194]
CEN.PK ∆hxk2 CEN.PK 113-7D hxk2::kanMX4 [20]
CEN.PK JT4 MATa LCR1 M. Luttik, pers. comm.
CEN.PK JT4 ∆hxk2 CEN.PK JT4 hxk2::kanMX4 this study
FY4 MATa [208]
FY4-hxk2 FY4 hxk2::kanMX4 C. Boone, pers. comm.

Extra- and Intracellular Physiology

To assess di�erences between CEN.PK and FY4 on metabolic �ux level, we determined
the glucose repression state of metabolism from physiological measurements (growth
rates, uptake and excretion rates) and the respiratory TCA cycle activity which was
determined in 13C-labeling experiments. This respiratory TCA cycle activity is de�ned as
the ratio between the cyclic �ux generating the redox equivalents for the respiratory chain
and the �ux producing the biomass precursors that also are TCA cycle intermediates
(cf. Fig. 5.1 and Materials and Methods). We employ it as an intracellular readout of the
the intracellular �ux distribution and degree of glucose repression on metabolic level.

Figure 5.1. Exemplary scheme on
metabolic �uxes for high and low glu-
cose repression. Under high glucose re-
pression (left scheme), most of the �ux
through glycolysis is directed to ethanol
excretion. Such, both, the cyclic TCA
cycle �ux and the respiratory TCA cycle
activity as determined by the displayed
equation, are low. On the contrary, a
less glucose repressed metabolism (right
scheme) is characterized by a higher res-
piratory TCA cycle activity as a higher
fraction of the glycolytic �ux is directed
to the cyclic TCA cycle �ux.

By monitoring growth rates and uptake and excretion rates in shake �ask cultures,
we observed higher extracellular rates of biomass and ethanol production and glucose
consumption in CEN.PK. In contrast, all the various yields are almost identical in the
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two strains (Tab. 5.2). This suggests a similar relative intracellular �ux distribution
in the two strains with generally higher rates. As a readout on the intracellular �ux
distribution, we determined the respiratory TCA cycle activity in 13C-labeling exper-
iments. As can be seen in Fig. 5.2, these ratios are very small in both strains which
underlines that the �uxs in the two strains essentially only di�er in terms of generally
higher metabolic rates in CEN.PK.

Table 5.2. Physiological parameters of aerobic glucose-growing batch cultures in shake �asks.
strain biomass glucose ethanol acetate glycerol pyruvate

yield (g g−1
glc)

CEN.PK wt 0.114 ±0.004 - 0.41 ±0.02 0.011 ±0.001 0.027 ±0.002 0.0032 ±0.0002JT4 0.107 ±0.005 - 0.37 ±0.02 0.008 ±0.001 0.029 ±0.002 0.0029 ±0.0002FY4 wt 0.113 ±0.004 - 0.40 ±0.03 0.008 ±0.001 0.033 ±0.004 0.0036 ±0.0002
rates (g g−1

DW h−1)
CEN.PK wt 0.46 ±0.005 4.04 ±0.14 1.66 ±0.10 0.044 ±0.004 0.109 ±0.009 0.013 ±0.001JT4 0.45 ±0.006 4.21 ±0.20 1.55 ±0.13 0.034 ±0.005 0.122 ±0.010 0.012 ±0.001FY4 wt 0.33 ±0.009 2.92 ±0.13 1.16 ±0.11 0.023 ±0.003 0.096 ±0.013 0.011 ±0.001

Figure 5.2. Respiratory TCA cycle
activities. The respiratory TCA cycle
activity was determined in 13C-labeling
experiments as the ratio of oxaloac-
etate production from L-malate via
cyclic TCA cycle �ux and its produc-
tion from pyruvate via anaplerosis. The
gray parts of the bars for the ∆hxk2
mutants of the CEN.PK strains indi-
cate the increase in respiratory TCA cy-
cle activity that is related to the growth
rate reduction caused by the gene dele-
tion (as determined from [20]).

Hence, as (intra- and extracellular) relative rates do not di�er signi�cantly, CEN.PK
higher growth is not due to internal �ux redistribution. This suggests a mechanism that
generally increases the metabolic �uxes in CEN.PK in comparison to FY4 which can be
resident in the signaling and regulatory topology or a result of di�erences in other cellular
processes (e.g. di�erent amounts of ribosomes). With respect to the glucose repression
state, both the low respiratory TCA cycle activity and the high ethanol yields con�rm
that the metabolism is similarly glucose repressed in both strains.
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Metabolites

Concentrations of 16 metabolites that could be determined via either GC-TOF or LC-
MS/MS from the CCM, three co-substrates (i.e. ADP, AMP, and NAD+), and 17 amino
acids were quanti�ed (cf. Supplementary File 1). We observe the following global con-
centration di�erences (cf. Fig. 5.3): The metabolites of the upper glycolysis (g6p, f6p,
fdp, dhap, 3pg) and the pentose-phosphate pathway (PPP) show higher concentrations
in CEN.PK than in FY4, while there are no common trends for the metabolites in
the TCA cycle. Together with the observed increased uptake of glucose in CEN.PK,
the elevated pools of upper glycolysis intermediates in this strain point to a facilitated
glucose in�ux into glycolysis. This could be due to a higher uptake and/or glucose
phosphorylation capacity in CEN.PK.

Next, looking at single reaction steps, we �nd reactions that display signi�cantly
di�erent substrate-to-product ratios between CEN.PK and FY4 (cf. Fig. 5.4A). A higher
substrate-to-product ratio indicates that the reaction operates further away from the
thermodynamic equilibrium. Higher substrate-to-product concentration ratios indicate
a more limited reaction with regard to enzyme capacity and such point to potential
regulation of the respective reaction [102]. Using this assumption, the PFK and SDH
reaction would have a more limiting enzyme capacity in CEN.PK.

Taken together, the metabolite concentrations indicate that CEN.PK's higher glucose
uptake rate is caused by enhanced glucose transport and/or phosphorylation capacity.
The lower growth rate of FY4 could be explained by a reduced in�ux into glycolysis
that results in a general reduction of the metabolic �uxes. Furthermore, the di�er-
ent substrate-to-product ratios indicate that enzyme capacities are not the same and
thus di�erent limitations in single reaction steps exist between the two strains. These
limitations, though not e�ecting the relative metabolic �uxes, point to quantitative
di�erences in the metabolic regulation which might be due to di�erent allosteric or
transcriptional/translational regulation.
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Figure 5.3. Metabolite concentration di�erences in CEN.PK in comparison to FY4 and CEN.PK
JT4. Metabolite concentrations were determined via GC-TOF (TCA cycle intermediates and amino
acids) or LC-MS/MS (EMP and PPP intermediates and co-factors) in biological duplicates. Abbre-
viations: g6p: glucose 6-phosphate; f1p: fructose 1-phosphate; f6p: fructose 6-phosphate; fdp: fruc-
tose 1,6-bisphosphate; dhap: dihydroxyacetonephosphate; 3pg: 3-phosphoglycerate; pep: phospho-
enolpyruvate; 6pgc: 6-phosphogluconate; ru5p-D: D-ribulose 5-phosphate; r5p: ribose 5-phosphate;
xu5p-D: D-xylulose 5-phosphate; cit: citrate; icit: isocitrate; akg: α-ketoglutarate; succ: succi-
nate; fum: fumarate; mal-L: L-malate; adp: diphosphate; amp: adenosine monophosphate; nad:
nicotinamide adenine dinucleotide (reduced form); his-L: L-histidine; phe-L: L-phenylalanine; tyr-
L: L-tyrosine; ser-L: L-serine; gly: glycine; met-L: L-methionine; ala-L: L-alanine; val-L: L-valine;
leu-L: L-leucine; ile-L: L-isoleucine; glu-L: L-glutamate; gln-L: L-glutamine; pro-L: L-proline; asp-L:
L-aspartate; asn-L: L-asparagine; lys-L: L-lysine; thr-L: L-threonine.
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Figure 5.4. Substrate-to-product ratio di�erences in CEN.PK in comparison to FY4 and CEN.PK
JT4. A: The substrate-to-product ratios are compared with the corresponding enzyme concentra-
tions. Here, reactions are displayed for which both substrates and products (excluding redox or
energy co-factors) were measured. Abbreviations: PGI: phosphoglucose isomerase reaction; PGTM:
phosphoglucomutase reaction; PFK: phosphofructose kinase reaction; ENO: enolase reaction; GND:
6-phosphogluconate dehydrogenase reaction; RPI: ribosephosphate isomerase reaction; IDH: isoci-
trate dehydrogenase reaction; SDH: succinate dehydrogenase reaction; FUM: fumerase reaction. B:
Concentration ratios of the enzymes corresponding to the reactions shown in panel A.

95



5. Experimental Approach to Quantitative Strain Comparison

Proteins

Next, as the second set of compounds that are next to the meabolites directly involved
in metabolic reactions, we assessed quantitative di�erences on the protein level: We
determined amounts of 84 proteins in central carbon metabolism relative to an internal
standard (cf. Materials and Methods and Supplementary File 2). The concentrations
of 27 proteins are more than 2-fold higher or lower in CEN.PK than compared to FY4
(Fig. 5.5). Most striking, many proteins involved in carbohydrate storage metabolism
and several in the TCA cycle are less abundant in CEN.PK. Both metabolic parts are
known to be downregulated in glucose repression [161]. Moreover, proteins in other
parts of metabolism that are signi�cantly less abundant in CEN.PK (Hxk1, Glk1, Tdh1,
Eno1, Pyk2, and Ald4) are also known to be glucose repressed [129, 160, 174, 176]. We
thus conclude that CEN.PK has stronger glucose repression regulation with respect to
protein expression. Furthermore, as many of the less abundant proteins in CEN.PK
have been shown to be transcriptionally upregulated upon deletion of HXK2 [205], the
here observed decreased levels are supposably caused by a stronger Hxk2-dependent
regulatory signal in this strain.
In a next step, we asked whether altered protein abundances correlate with the ob-

served di�erences in the metabolite concentrations. Higher glycolytic metabolite con-
centrations suggested a higher capacity of either glucose transport or phosphorylation
in CEN.PK. Here, the protein abundances indicate which step supposably contributes
to this higher capacity: While Hxk2 amounts are similar (data not shown), two of the
glucose phosphorylating enzymes, Hxk1 and Glk1, are much less abundant in CEN.PK
which suggests that the transport of glucose into the cell is the decisive step that leads
to a higher glucose uptake rate in CEN.PK. This hypothesis is supported by the fact
that mainly the glucose transport controls the glycolytic �uxes [23, 156].
Next, we compared the observed di�erences of the substrate-to-product ratios in

Fig. 5.4A with the corresponding protein di�erences (Fig. 5.4B). Although we observed
di�erences in the protein concentration of the ribose phosphate isomerase (RPI) and the
phosphoglucose isomerase (PGI) reactions, the corresponding reactant concentration ra-
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Figure 5.5. Protein concentration di�erences in CEN.PK in comparison to FY4 and CEN.PK JT4.
Here, proteins are displayed which are more than 2-fold higher or lower abundant in CEN.PK in
comparison to either FY4 or CEN.PK JT4. Protein concentrations were determined via MRM-based
LC-MS/MS in relation to an internal standard in biological duplicates. Proteins are labeled by the
corresponding gene names. Triangles indicate minimal absolute concentration ratios.
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tios are comparable between the two strains. Also, the Gibbs energies of reaction for
PGI and RPI are close to zero in both strains (absolute values less than 3 kJ

molK
). The

substrate and product concentration are nearly thermodynamically equilibrated which
is supposably due to large enzyme capacities that exceed the actual metabolic needs.
Hence, these reactions are not �ux controlling [102]. In contrast, there are four reactions
where a lower enzyme concentration actually leads to less equilibrated substrate-to-
product pools: enolase (ENO), 6-phosphogluconate dehydrogenase (GND), isocitrate
dehydrogenase (IDH), and succinate dehydrogenase (SDH). In comparison with neigh-
boring reactions, these reactions are more likely to control metabolic �uxes as only
limited catalytic activity is provided by transcriptional or translational regulation. The
di�erent �ux control for the ENO, IDH, and SDH reactions, which are all known to be
in�uenced by glucose repression, is caused by a higher glucose repression in CEN.PK.
In summary, signi�cantly di�erent protein concentrations exists between CEN.PK

and FY4. Generally, the di�erences to a more active glucose repression at protein
level, potentially by a stronger Hxk2-dependent regulatory signal. Remarkably, the
altered protein concentrations which locally in�uence the �ux control do not result in
signi�cantly di�erent metabolic �ux ratios.

5.2.2. Potentially Di�erent Transcription Factor Activities

Next, we aimed at tracing back which transcription factors (TFs) might have caused the
observed di�erences in protein abundance. Using the information about transcriptional
regulation from Yeastract [185], we aimed at determining TFs that are signi�cantly
often linked to proteins that are more than 3-fold less abundant in CEN.PK than in
FY4. (cf. Materials and Methods). The most signi�cant TFs (p-values < 0.002) are
Msn2 and Msn4 (Tab. 5.3), which are activating TFs and contribute to the general stress
response in yeast. As they are also mediating hyperosmotic shock resistance [117], we
compared CEN.PK and FY4 hyperosmotic shock resistance. We found that CEN.PK is
less resistant to hyperosmotic stress as no CEN.PK cells survived a residence in a high
osmolar glycerol solution for 40 min while the survival rate was 16% (± 7%) for FY4
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(cf. Materials and Methods). This observation con�rms the results of our analysis as it
suggests that Msn2 and Msn4 are less active in CEN.PK which would lead to less stress
resistance of this strain.

Table 5.3. Transcription factors that are potentially di�erently active in CEN.PK and FY4. p-values
were determined based on a computational analysis using information about the transcriptional
network as documented on Yeastract and the measured protein abundances.
TF p-value description associated, lower abundant proteins

in CEN.PK than in FY4
supposed activity
in CEN.PK in
comparison to FY4

Msn2 0.0008 activator of stress
response genes

Hxk1, Glk1, Eno1, Ald4, Glc3,
Gsy1, Gpk1, Tps1, Tsl1, Nth1,
Gdb1, Gpd1

lower

Msn4 0.0013 activator of stress
response genes

Hxk1, Glk1, Ald4, Glc3, Gsy1,
Gpk1, Tps1, Tsl1, Nth1, Gdb1,
Gpd1

lower

Mig1 0.0119 repressor of glucose
repressed genes

Hxk1, Tdh1, Gsy1, Nth1, Gdb1 higher
Nrg1 0.0153 repressor of glucose

repressed genes
Hxk1, Ald4, Glc3, Gsy1 higher

Nrg2 0.0153 repressor of glucose
repressed genes

Hxk1, Ald4, Glc3, Gsy1 higher

Furthermore, the list of TFs with p-values < 0.02 comprises Mig1, Nrg1, and Nrg2,
all of which are involved in glucose repression [80]. In contrast to Msn2/4, they are
repressing gene expression, and such we conclude that they are more active in CEN.PK.
Thus, they supposably mediate the higher glucose repression in CEN.PK.

5.2.3. Di�erent E�ects of Genetic Perturbations in CEN.PK and
FY4

The quantitative comparison of CEN.PK's and FY4's physiology, metabolome, and pro-
teome revealed signi�cant di�erences, which point to di�erent interaction strengths in
the signaling and regulatory network: We concluded that the Mig1 and Nrg1/2-mediated
glucose repression more e�ectively decreases the abundances of glucose repressed pro-
teins in CEN.PK. Although on the �ux level the strains display comparable degree of
glucose repression (i.e. similar yield and respiratory TCA cycle activity), the metabo-
lite concentrations indicate that the �ux control di�ers between the strains. The SDH
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reaction for example is more likely to control the TCA cycle �ux in CEN.PK as the
substrate-to-product ratio is further from the thermodynamic equilibrium. Such, ge-
netic perturbations in the signaling and regulatory network are expected to result in
di�erent e�ects due to the di�erences in the interaction strengths as the respective sig-
naling or regulation compounds are di�erently e�ective on metabolic �uxes. To test this
hypothesis, we next analyzed the metabolic e�ects of two genetic pertubations - namely
of a HXK2 deletion in both strains and the e�ect of a repaired point mutation in CYR1
in CEN.PK.

E�ect of Hexokinase II Deletion in CEN.PK and FY4

Using 13C-labeling experiments, we determined the respiratory TCA cycle activity in
CEN.PK and FY4 lacking HXK2. In FY4 ∆hxk2, we found an increased but still low
absolute TCA activity of 0.096±0.016 (Fig. 5.2) indicating that there is still signi�cant
glucose repression on �ux level resulting in also yet low biomass yields (Tab. 5.4). Hence,
with respect to metabolic �uxes, glucose repression is maintained to a large extent in
FY4 ∆hxk2.

Table 5.4. Physiological parameters of aerobic glucose-growing batch cultures in 13C-labeling
experiments performed in deep well plates.
Strain growth rate (h−1) biomass yield (gDW g−1

glucose)
CEN.PK wt 0.39 ±0.02 0.13 ±0.02

∆hxk2 0.22 ±0.06 0.43 ±0.04
JT4 0.36 ±0.03 0.13 ±0.01
JT4 ∆hxk2 0.17 ±0.01 0.19 ±0.02

FY4 wt 0.33 ±0.01 0.12 ±0.01
∆hxk2 0.32 ±0.03 0.16 ±0.01

In contrast, deleting HXK2 in CEN.PK has much more pronounced e�ects on the
respiratory TCA cycle activity. Here, it increases from 0.024±0.003 to a high value
of 0.735± 0.020 (Fig. 5.2). However, this increase is at least partially caused by the
simultaneously provoked growth rate reduction: In CEN.PK, Blank and Sauer demon-
strated that the respiratory TCA cycle activity inversely correlates with growth rate
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[20]. Nevertheless, even after correcting for the growth rate reduction related increase
of the respiratory TCA cycle activity (Fig. 5.2), a large portion of the observed increase
in the ∆hxk2 mutant can still be attributed to the HXK2 deletion itself. In agreement
with the increased respiratory TCA cycle activity, the biomass yield reaches a level that
resembles values of fully respiring glucose-limited cultures [194]. Hence, in-line with
previous studies we noticed that in CEN.PK glucose repression heavily relies on Hxk2.
In summary, a deletion of HXK2 in CEN.PK results in signi�cant glucose de-repression

while the same deletion causes only a slight glucose de-repression in FY4. Hence in FY4,
alternative regulation pathways such as the cAMP/PKA pathway either dominate the
glucose repression regulation already in the wild-type or take over the regulatory role of
Hxk2 upon its deletion.

E�ect of the Repaired Point Mutation in CYR1 in CEN.PK

In contrast to FY4, a point mutation in CEN.PK's CYR1, encoding adenylate cyclase,
impairs glucose and acidi�cation-induced cAMP concentration increase in de-repressed
cells, while glucose repressed cells are not a�ected [196]. As expected for our glucose
excess experiments, we do not observe any signi�cant di�erences between the CEN.PK
and the CEN.PK JT4, which is isogenic to CEN.PK besides that the point mutation
is repaired: Metabolic �uxes, namely growth rate, biomass yield, and respiratory TCA
cycle activity, as well as metabolite and protein concentrations are very similar (Tab. 5.4,
Fig. 5.2, Fig. 5.3, and Fig. 5.5). For the metabolites, we only observe considerably higher
concentrations for 3-phosphoglycerate and phosphoenolpyruvate in CEN.PK which is
however not the case when comparing to FY4. Since CEN.PK JT4 compares to CEN.PK
while hardly any similar pattern with FY4 can be recognized, the point mutation cannot
explain di�erences of CEN.PK and FY4 wild-types growing exponentially on glucose.
Nevertheless, we next asked whether the point mutation is relevant for the distinct
behavior of the ∆hxk2 deletion mutants. We hence determined the respiratory TCA
cycle activities in CEN.PK JT4 and the corresponding ∆hxk2 deletion mutant as a
readout on the degree of glucose repression on metabolic �uxes.
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The physiology and respiratory TCA cycle activity in CEN.PK JT4 ∆hxk2 shows
that this strain is less glucose repressed as the wild-type CEN.PK JT4. However, the
growth rate is decreased upon this deletion. Assuming a similar dependence of the
respiratory TCA cycle activity on the growth rate in CEN.PK JT4 as in CEN.PK, the
observed relief in glucose repression is not solely an e�ect of the HXK2 deletion. To
estimate the degree to which the deletion de-represses the metabolism, we subtract the
contribution of a slower growth rate in the deletion mutant from the observed respiratory
TCA cycle activity increase in the same way as we did for CEN.PK. We �nd that its
increase in CEN.PK JT4 is almost completely caused by the decreased growth rate alone
(cf. Fig. 5.2). Hence, we conclude that the cAMP/PKA pathway of CEN.PK JT4 can
make up for the loss of glucose repression due to the lack of Hxk2-dependent signaling.
Summarizing, the point mutation cannot explain the observed di�erences between

FY4 and CEN.PK when the strains grow exponentially on glucose. Although under this
experimental condition the adenylate cyclase hardly has any e�ect, our results suggest
that its `natural' (repaired) form (as in FY4 and CEN.PK JT4) is able to activate PKA
via a Hxk2-independent signal under glucose excess conditions. However, as long as
Hxk2 exerts its regulatory e�ect, the signal transduction via the adenylate cyclase does
not become evident. As we have observed in the HXK2 deletion mutants of FY4 and
CEN.PK JT4, this signaling route sustains glucose repression.

5.3. Discussion

CEN.PK and S288C isogenic strains are both commonly used to study glucose signaling
and regulation. To address the question to which extent these strains and thus those
studies are comparable to each other, we compared the prototrophic strains CEN.PK
113-7D and FY4. Under the assumption that their signaling and regulation network
topologies are the same, we here investigated the quantitative di�erences within this
common network to link them to known and unknown di�erences in the signaling and
regulation strengths. Most signi�cant di�erences are:
(1) Growing exponentially on glucose, CEN.PK has generally higher metabolic �uxes,
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though the ratios of the �uxes to each other are similar in FY4. Hence, the degree
of glucose repression with respect to metabolic �uxes is comparable in the two
strains.

(2) A potential explanation for the generally higher metabolic rates is a limited sub-
strate in�ux into glycolysis: Higher metabolite concentrations together with lower
protein abundances of glucose phosphorylating enzymes indicate that the glucose
uptake is less limited in CEN.PK.

(3) Glucose repressed enzymes (e.g. Hxk1, Glk1, Ald4 and TCA cycle enzymes) are less
abundant in CEN.PK. This suggests lower Msn2/4 and higher Mig1 and Nrg1/2
activity whereas the latter set of TFs are all downstream of Snf1 and thus down-
stream of Hxk2.

(4) Presumably as a result of a lower Msn2/4 activity, exponentially growing CEN.PK
cultures are less resistant to hyperosmotic stress.

(5) Hxk2 is essential for glucose repression in CEN.PK, but not in FY4. The glucose
repression function of Hxk2 can however be compensated by a adenylate cyclase
that features the glucose-induced cAMP-response (as in FY4 and CEN.PK JT4).

Taking all these �ndings together, we can formulate a model that is consistent with
all our observations (Fig. 5.6). Our model draws on the known signaling and regulatory
pathways from the literature, but adds information on interaction strength. We propose
a higher regulatory strength of Hxk2 in CEN.PK having the following three e�ects
which we inferred from our data: First, expression of the low a�nity hexose transporter
Hxt1 is increased via Reg1 or Grr1 (resulting in observations 1 and 2). Second, Snf1 is
more repressed by Hxk2 and this relieves repression of Mig1 and Nrg1/2 (cf. observation
3). Last, Hxk2 also increases the PKA activity that leads to lower Msn2/4 activity
(cf. observation 4).
This di�erent operation of the regulatory machinery also accounts for the distinct

implications of a HXK2 deletion in the di�erent genetic backgrounds we tested. In
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Figure 5.6. Model for explaining observations on strain di�erences.
(1) Enhanced glucose transport inferred from metabolite (and protein) concentrations caused by
more active Hxk2.
(2) More active Nrg1/2 and Mig1 inferred from TF analysis as result of higher Hxk2 activity.
(3) Although di�erences in the concentrations of metabolic proteins exist, both strains are similarly
glucose repressed on metabolic �ux level.
(4) High Hxk2-dependent signal that results in higher basal PKA activity.
(5) Based on the comparison of CEN.PK ∆hxk2 and CEN.PK JT4 ∆hxk2, the Hxk2-independent
signal transduction is impaired by the point mutation in CYR1.
(6) Ability of (Hxk2-independent) PKA signal to maintain glucose as demonstrated in CEN.PK JT4
∆hxk2 (which could also potentially mediated through inactivation Snf1 [70, 71, 163]).
(7) Less active Msn2/4 inferred from TF analysis (and con�rmed by testing for hyperosmotic stress
resistance) as result of an increased PKA activity.
Note that the quanti�cation of the signal relate to comparison between CEN.PK and FY4 and are
no absolute quali�cation. The signaling and network topology is based on reported interaction from
the literature (activation of Reg1/Grr1 via Hxk2 [161], repression of Snf1 by Hxk2 [96, 201, 215],
glucose repression induced by cAMP/PKA signaling [214], Hxk2-dependent and Hxk2-independent
activation of PKA [39, 161]).

104



5.3. Discussion

CEN.PK JT4, the Cyr1 is able to be activated by a Hxk2-independent signal, which is not
the case for CEN.PK. Therefore, glucose repression can be maintained in CEN.PK JT4
∆hxk2 through a still activated PKA. The point mutation prevents sustained glucose
repression in CEN.PK ∆hxk2. With respect to the point mutation in CYR1, FY4
resembles CEN.PK JT4. Hence, also here Hxk2-independent PKA signaling potentially
contributes to sustaining glucose repression in this strain (cf. observation 5).
One crucial element in our model is the activation of PKA via Hxk2. In literature,

several mechanisms are discussed to induce PKA via Cyr1 by an intracellular signal in all
of which all Hxk2 is involved: The suggested triggers of Cyr1 activation include glucose
phosphorylation, acidi�cation, or ATP/AMP ratios [163]. Our observations-based model
gives further evidence on this connection. As we here used steady-state experimental
conditions, the actual Hxk2-dependent mechanism is likely to increase the steady-state
PKA activity.
Our line of argumentation to explain all observations is based on a hypothesized higher

regulatory activity of Hxk2 in CEN.PK than FY4 despite very similar concentrations
of this protein. One possible explanation for Hxk2's di�erent regulatory strength could
be di�erences in the regulatory domain of the protein. It is also conceivable that the
domain responsible for the protein's nuclear localization comprises di�erences such that
nuclear localization of Hxk2 is enhanced in CEN.PK. These hypotheses can be tested
through sequence analysis, phosphorylation analysis, and/or experiments to determine
subcellular localization of the protein.
On the whole, this quantitative analysis demonstrates that although both strains most

likely possess the same signaling and regulation network topology, di�erent interaction
strengths cause di�erences in metabolic control. As demonstrated by deleting HXK2 in
CEN.PK and FY4, perturbations can thus lead to very distinct results for two di�erent
strains. Even more striking, CEN.PK JT4 di�ers from CEN.PK only in a point mutation.
Yet, we observed signi�cant metabolic e�ects in the ∆hxk2 mutants.
As another remarkable observation, the metabolic �uxes of the wildtype strains were

similar while the protein concentrations were di�erent. Possible explanations for this
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apparent contradiction could be that di�erences are only located at non-decisive sites
in metabolism or that the two strains have di�erent strategies to achieve the same
metabolic �ux state. Either way, looking at di�erent readouts on the metabolic state
could result in di�erent conclusions: Considering the ethanol production or the respira-
tory TCA cycle activity indicate a strong glucose repression in both strains. However,
looking at the proteome level, higher abundant glucose repressed proteins (e.g. Hxk1
and Glk1) in FY4 suggest a less pronounced glucose repression in this strain. First, this
stresses the caution indicated in comparing di�erent strains due to unequal regulatory
activities. Second, for understanding the relevance of a regulator in the signaling and
regulatory network, its eventual metabolic e�ects have to be assessed as they report on
the regulator's essentiality to achieve a certain metabolic state.

5.4. Materials and Methods

Strains and Culture Conditions

The strains used in this study are listed in Tab. 5.1. In CEN.PK JT4, the HXK2 gene
was deleted by the short �anking homology method using the loxP-kanMX4-loxP gene
disruption cassette [68]. The deletion cassette was ampli�ed from pUG6, using as a for-
ward primer 5'-TCTTTGTTGCACCTTCGCCACTGTCTTATCTACAAAACTAC-
TTCGTACGCTGCAGGTC-3', which includes 18 nucleotides complementary to
pUG6 and a 40-nucleotide extension corresponding to the region -150 to -
110 upstream of the start codon of the HXK2 ORF, and as a reverse
primer 5'-AGTACGCAAGCTATCTAGAGGAAGTGTAGAGAGGGTTAAATAGT-
GGATCTGATATCACCTA-3', which includes 21 nucleotides complementary to pUG6
and 40 nucleotides corresponding to the region +1851 to +1811 downstream of the
start codon of the HXK2 ORF. Deletion of the HXK2 ORF was con�rmed by PCR on
genomic DNA extracted from G418R transformants.
In all experiments, cells were grown in minimal de�ned medium with glucose as sole

carbon source. The medium was prepared from autoclaved salt and glucose solutions
and sterile �ltered solutions of vitamins and trace metals to reach concentrations as
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described in Verduyn et al. [197]. Liquid precultures with 10 g/l glucose were inoculated
by colonies from YPD plates. In all experiments, the glucose concentration was 10 g/l
and the temperature was maintained at 30 ◦C. Phtalate bu�er (10mM for shake �ask
experiments, 90mM for 13C labeling experiments) was used to maintain pH at a value
of 5.

Biomass and Extracellular Metabolite Concentrations

Biomass concentrations were monitored by measuring optical density (OD) at 600 nm
with a spectrophotometer (Pharmacia Novaspec II). The biomass dry weight was calcu-
lated using a OD-biomass dry weight (DW) correlation coe�cient of 0.486 gDW/l

OD
(cf. ap-

pendix). To determine the extracellular concentrations of glucose, ethanol, acetate,
pyruvate, and glycerol (as described in the appendix, 1ml samples were taken and cen-
trifuged for 4min at 4000 rpm at 4 ◦C. The growth rates, µ, and biomass yields, Y x

glc
,

were calculated by linear regression using Eqns. 5.1-5.2 based on the data (i.e. biomass
concentrations, x, and extracellular metabolite concentrations, c) from all biological
replicates using Matlab.

ln(x) = ln(x0) + µt (5.1)
x = x0 + Y x

glc
(cglc0 − cglc (5.2)

The yields of ethanol, acetate, glycerol, and pyruvate were calculated by using equa-
tions analog to Egn. 5.2.

Respiratory TCA Cycle Activity

The respiratory TCA cycle activity was determined from 13C-labeling experiments where
10% of the glucose in the medium was uniformly labeled (obtained from Sigma, Switzer-
land). These experiments (both, preculture and culture) were carried out in deep well
plates with a culture volume of 1.2ml and biomass concentration was measured at 600 nm
(Spectra MAX Plus, Bucher Biotec AG). Cultures were harvested during exponential
growth at ODs between 0.8 and 1.3 and centrifuged at 4 ◦C and 4000 rpm for 3min.
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Supernatant and cell pellets were separately frozen at -40 ◦C. Extracellular metabolite
concentrations in the supernatant were determined via HPLC-IR/DAD methods as de-
scribed above.
To determine the labeling patterns in proteogenic amino acids, samples were prepared

and analyzed by GC-MS as described in Blank and Sauer [20]. Cell pellets were hy-
drolyzed in 180µl 6M HCl at 105 ◦C for 12 h and the hydrolysate dried at 95 ◦C. The
free amino acids were derivatized at 85 ◦C for 1 h using 20µl dimethylformamide and
20µl N-(tert-butyldimethylsilyl)-N-methyltri�uoroacetamide [60]. GC-MS analysis was
carried out using a series 6890N GC (Agilent Technologies, Switzerland) in combination
with an MD800 mass spectrometer (Agilent Technologies, Switzerland) [59]. The respi-
ratory TCA cycle activity, TCAresp, was calculated from the fraction of mitochondrial
oxaloacetate from anaplerosis, oaam

ana, which was determined using FiatFlux ([212]) with
a stoichiometric network as reported in [20].

TCAresp = 1 − oaam
ana (5.3)

Intracellular Metabolite Concentrations

Intracellular metabolite concentrations from two biological and two technical replicates
were determined on two mass spectrometry platforms (GC-TOF and LC-MS/MS) by
the same quenching, sample preparation, and mass spectrometry analysis procedure as
described in the appendix.

Protein Abundances

Protein abundances were determined by a multiple reaction monitoring (MRM) based
mass spectrometry approach as described in the appendix. To calculate the average
protein abundances from the two biological replicates, mean values of peptide amounts
were calculated from the transitions, mean values for proteins from the peptide mean
values, and �nally the two biological replicates were averaged. A conservative estimation
of the standard deviation was calculated from the variance of the pool of all measured
transitions for the respective protein.
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Osmotic Shock Experiments

To determine the survival rate after hyperosmotic shock, we adapted a method reported
in Beney et al. [16]. Colony forming units (CFU) for an aliquot of yeast culture ex-
posed to hyperosmotic shock and a non-treated aliquot - both from an exponentially
growing culture - were counted. For hyperosmotic shock treatment, an aliquot of 1ml
was mixed with 9ml autoclaved glycerol/water solution (116.9 g glycerol in 50ml water,
approx. 65mPa) and left for 40min at room temperature. Both treated and non-treated
samples were diluted 33000 and 66000 times respectively in autoclaved isotonic NaCl
solution (9 g/l) and 200µl spread on YPD plates. After 2 days incubation at 30 ◦C,
photographs were taken and the CFU counted. The survival rate was calculated as the
ratio of CFU of treated versus non-treated samples.

Transcription Factor Analysis of Protein Abundances

TFs which are more often than by chance associated with the subset of proteins that are
3-times lower abundant in CEN.PK were determined by a statistical analysis adopted
from [26]. We here applied documented TF-gene associations reported in [185]. For each
TF that interacts with the proteins for which concentrations were determined, a p-value
based on a hypergeometric distribution was calculated.

pj = 1 −
kj−1∑
i=0

(
Mj

i

)(
N−Mj

n−i

)(
N
i

) (5.4)

Here, N is the total number of proteins measured and n the number of proteins that
are 3-times lower abundant in CEN.PK. Mj and kj give the number of measured proteins
and measured, 3-times lower abundant proteins in CEN.PK respectively that interact
with TF j. The such calculated p-value gives the probability that the TF has at least
the observed number of interactions with the subset of lower abundant proteins.
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6.1. Summary

Systems biology builds on experimental and computational (modeling) tools that cap-
ture a large-scale perspective to analyze and ultimately understand the behavior of a
biological system. This work contributed to both sides - the model-based computational
data analysis and experimental analysis: On the computational side, thermodynamic
constraints were incorporated into metabolic models. First, thermodynamic principles
were used to assist the reconstruction of genome-scale stoichiometric metabolic models.
Here, reaction directions were systematically assigned based on thermodynamic feasi-
bility. Second, the model-based analysis tool, NET analysis, has been developed for
interpretion of quantitative metabolomics data. Here, besides being a quality check for
quantitative metabolomics data, NET analysis exploits Gibbs energies of reaction to
suggest putative regulatory sites. Third, to analyze metabolic �uxes thermodynamics
and mass balances were linked by coupling NET analysis to EFM analysis. By this ap-
proach, unknown reaction activities are inferred from a quantitative metabolomics data
set. The developed tools and algorithms were made publicly available [102, 103, 213] or
publications are in preparation.
On the experimental side, quantitative large-scale data sets were used to characterize

metabolic operation and regulation in S. cerevisiae. First, during steady-state growth on
glucose in excess, two S. cerevisiae strains displayed signi�cant di�erences in the amounts
of metabolic proteins and metabolites. To explain these quantitative di�erences as well
as additional observations on the metabolic state of mutant strains, distinct interaction
strengths of signaling and regulatory compounds were proposed. Second, the changes of
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metabolite and protein concentrations as well as extracellular rates that occur during the
diauxic shift from glucose to ethanol growth were monitored. So far, the generated data
was only partly exploited in this work (i.e. in Chapter 4). The acquired data presents a
quantitative and dynamic data basis for future analysis of the yeast diauxic shift in a
computational systems-biology approach.

6.2. Discussion

Systems biology aims at understanding the complex and nonlinear biological networks
that give rise to the emerging phenotype. After one decade of intensive systems biology
research and signi�cant achievements, we still have only a limited understanding of
biological system behavior [94]. In the background of the experiences made in each sub-
project of this work, systems biology's current standing and de�ciencies are discussed in
the following with regard to the single steps of the systems biology approach (Fig. 1.1)

6.2.1. Large-scale Data for Gaining a Holistic Perspective

Today, omics techniques provide a wealth of large-scale data (transcriptome, �uxome,
metabolome, and proteome data) such that we are about to gain a near to system-
level perspective in qualitative manner [86]. Through recent advances of the analytical
techniques, also large-scale quantitative data are emerging. In particular, proteomics
shifts from semi-quantitative large-scale data to albeit smaller, but truly quantitative
data and in metabolomics the number of quanti�able small molecules increases. In this
work, the value of this data became evident as based on the quantitative comparison
of two S. cerevisiae strains an explanation of the behavior of mutant strains could be
proposed in data-driven manner.
Nevertheless, the coverage of quanti�able cellular compounds is still not su�cient. In

the proteomics data set to compare two yeast strains, concentrations of most metabolic
proteins of the central carbon metabolism but not proteins that are involved in its
regulation could be acquired as the latter are less abundant.
Incomplete coverage of the analyzed cellular part is also an obstacle in mechanistics-
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based data analysis. Lacking measured metabolite concentrations are one reason that
the signi�cance of NET analysis is limited: For many reactions only broad ranges of
possible Gibbs energies can be determined. In addition, the measured quantities are
usually averaged over the whole cell disregarding that the concentration can be very
unequally distributed over di�erent compartments.
As a second obstacle to mechanistics-based analysis, these data analysis approaches

are typically sensitive to systematic errors in the experimentation since the quanti�ed
amounts translate directly to the model parameters. For instance, the NET analysis
tool may not �nd a feasible solution due to one wrongly quanti�ed metabolite con-
centration. Especially in metabolomics, rapid quenching that immediately stops any
metabolic activity is a crucial step to gain correct results.
Besides there requirements to provide complete and accurate data sets, another chal-

lenge to experimentation is the acquisition of data in high time resolution to enable
dynamic analyses. For studying metabolic reprogramming in yeast, metabolite concen-
trations were measured down to approx. 15min resolution. As the turnover rates for
metabolite concentrations are however often signi�cantly smaller, this time resolution is
not su�cient to estimate parameters of enzyme kinetics. For better dynamic resolution,
automation of sampling and sample preparation is required to be able to handle the
enormous amount of samples. In the �eld of metabolomics, automated sampling devises
were already developed that allow for time-resolution of a few seconds [107, 188].

6.2.2. Data Analysis for Inferring New Insights and Knowledge

The novel quantitative data provides the opportunity but also requires to go beyond
statistical analysis, and hence, analyze the data using mechanistic models. Today, we
yet lack general applicable mechanistics-based approaches that are suitable to analyze
incomplete and cell-averaged time-snapshot data sets. Despite the insights that were
gained from the quantitative data sets for the strain comparison, the information pro-
vided by the acquired data was not exploited to full extent. For example, measured
protein and metabolite concentrations were analyzed integratively only to a limited,
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non-model based extent. Here, kinetic models that connect proteins with metabolites
by mathematical terms are not suitable due to lacking or insu�cient dynamic informa-
tion. Also for the yeast diauxic shift data set, the time-resolution is not su�cient to
estimate parameter of a kinetic model.
This thesis contributed to tackle this shortcoming of current data analysis approaches

by drawing on thermodynamic principles. The NET analysis is a generally applicable
mechanistics-based approach to analyze quantitative metabolomics data: It translates
concentrations to Gibbs energies and thus relates it not to other concentrations of a
reference state but to general physical quantities. This approach is suitable for large-
scale analysis and widely applicable as it requires only few organism-speci�c information.
To limited extent, it is also able to resolve localization of metabolites to the di�erent
compartments and to infer concentrations of non-measured metabolite concentrations.
One today unresolved challenge to general applicable data analysis is that causalities

can only be hypothesized since the model assumptions are limited to general or very
few organism speci�c information. For instance, in NET analysis the regulatory sites
in metabolism are only putative. Using a mechanistics-based kinetic model, the quan-
ti�ed model parameters would pinpoint the �ux controlling reactions and regulatory
compounds acting on them.
Hence, the development of generally applicable model-based data analysis concepts

that assist to understand the cause-e�ects-chains within the analyzed biological system
lags behind the advances to generate quantitative data that is today provided by modern
mass spectrometry techniques.

6.2.3. Model-based Knowledge Integration for Achieving
System-level Understanding

Ultimately, systems biology strives to achieve a system-level understanding. For this,
dynamic and quantitative descriptions, i.e. kinetic models in terms of ODEs, of all
compounds and interactions are required. Today, this is only possible on small scale
by formulating kinetic models. Here, time-resolved, quantitative data is necessary (i)
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to determine proper model structure to describe the reaction mechanisms and (ii) to
estimate the model parameters. Up to now, the coverage of the quantitative data sets is
not satisfactory for this. Also the necessary time resolution challenges experimentation
as already described above (i.e. sampling and sample processing should be automated).
Besides these experimental di�culties, model discrimination and parameter estimation
for such an envisioned large-scale model are a hard to solve computational challenge.
Though being a yet available concept for mechanistics-based knowledge integrations,
the di�cult scaling-up of models describing each reaction step with mechanistics-based
terms hampers their application.
Alternatively, to reduce experimental and computational e�ort to feasible magnitude,

models can be restricted to crucial compounds and interactions that are su�cient to
describe the system behavior. In contrast to a top-down approach for which concepts are
available to reduce an existing model to smaller size (e.g. [44, 47]), model reconstruction
that focuses only on the essential parts a priori is incomparably more di�cult. Here,
already in the large-scale data analysis appropriate tools should identify the essential
parts of the system that have to be included in the model. For instance, reactions
that are identi�ed to be at equilibrium using NET analysis most likely do not need to be
modeled kinetically. Here, the intimate link via modeling of data analysis and knowledge
integration becomes evident: The lack of general applicable data analysis approaches to
suggest causal interrelationships as described above handicaps the model construction.
In conclusion for model-based knowledge integration, there are concepts for detailed

dynamic, quantitative modeling available (e.g. ODEs). However, the reconstruction of
such models on large-scale comes along with tremendous experimental and computa-
tional e�orts. To reduce these e�orts but still being able to describe the system's behav-
ior, novel data analysis tools that a priori pinpoint the essential parts of the biological
network which a model must include are necessary.

Summarizing, emerging analytical techniques and experimentation enable the neces-
sary shift from qualitative to quantitative and dynamic large-scale data sets to monitor
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biological processes. For the analysis of the such data sets, generally applicable tools
have to be developed that take the available knowledge into account and infer biological
insights from the data. Insights obtained by such concepts will assist the model-based
knowledge integration by focussing on the essential compounds and interactions. Hence,
the such constructed models do not consider each single interaction or reaction, but the
crucial elements and events underlying the biological system's behavior.
Since systems biology strongly relies on mathematical models for describing and un-

derstanding complex biological systems, it di�ers from other biological disciplines. Such
an approach does not �rst of all focus on the experimental veri�cation of proposed phys-
ical interactions but the construction of models that are in-line with current knowledge
and experimental observations and allow for comprehension of the complex nature of
life.
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A.1. Experimental Analysis of the Metabolic
Reprogramming During Diauxic Shift in
S. cerevisiae

A.1.1. Introduction

The diauxic shift of S. cerevisiae - namely the utilization of produced by-products once
the primary carbon source is depleted - inherently involves a switch in metabolism from
glycolytic to gluconeogenetic �ux through the Emden-Meyerho� pathway that is associ-
ated with rearrangements in carbon storage and energy metabolism [51]. These drastic
metabolic changes need to be administered by regulatory mechanisms that respond to
the changes in environmental conditions, e.g. availability of carbon sources.
The yeast diauxic shift has been in the focus of several studies to reveal the regulatory

actions that underlie this metabolic reprogramming. Tremendous changes in the gene
expression have been observed [27, 49, 69]. Also, the relevance of certain regulatory
components on the diauxic shift and the expression of proteins before and after the
shift have been determined [24, 25, 70]. Such, many important players in the regulatory
machinery are known.
So far, the e�ects in metabolism during the transition, i.e. changes in metabolite and

protein concentrations, have however not been assessed in time-resolved manner. In a
�rst step towards elucidating the temporal and causal series of regulatory events acting
on the metabolism, we monitored the extra- and intracellular metabolism. Speci�cally,
biomass and extracellular metabolite concentrations were determined next to intracel-
lular concentrations of metabolites and metabolic proteins before, during, and after the
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transitions from growth on glucose to growth on ethanol.

A.1.2. Experimental Results

Extracellular Physiology and Growth Phases We �rst characterized the extracellu-
lar physiology of S. cerevisiae batch cultures that pass through the di�erent phases of
the diauxic shift. Time-courses of biomass as well as glucose, ethanol, acetate, pyru-
vate, glycerol, and succinate concentrations were monitored in three biological replicates
(Fig. A.1). Fitting these concentrations with splines, uptake and production rates were
determined throughout the experiment. Distinct phases of the experiment were deter-
mint as periods during which the rates stayed constant (Fig. A.2).

Intracellular Metabolite and Protein Concentrations Intracellular metabolite and
protein concentrations were applied to quantitatively monitor metabolic events inside
the cells. As the turnover rates are higher for metabolite pools than for protein pools,
metabolite concentrations were determined each 15 to 40 minutes (higher time-resolution
during the transition phase) while only six samples were taken in each experiment to
determine protein abundances (two in glucose growth phase, two in the transient phases
and two in ethanol growth phase). The metabolite concentrations which are shown in
Figs. A.3 -A.5 stay to large extent constant over the growth phases. The protein samples
not processed and analyzed yet. However, the multiple reaction monitoring (MRM)
transitions are already validated and the targeted proteins are shown in Fig. A.6.

A.1.3. Outlook

The here acquired dynamic and quantitative data represents a basis for a detailed model-
based analysis of the yeast diauxic shift. In reproducible controlled experiments, we
could obtain reproducible results which now gives a bases for detailed analysis of the
metabolic reprogramming. Based on the extracellular rates, distinct phases (i.e. glu-
cose growth phase, two transient phases, and ethanol growth phase) of the shift were
distinguished. In the analysis introduced in Chapter 4, the metabolite concentrations
in the two growth phases were employed to analyze the metabolic �uxes in the two
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steady-state growth phases. The key question for further analysis is to elucidate the
events that encompasses the transition between these growth phases. For instance, the
time-course of observed events in protein and metabolite concentrations can indicate
causal interrelationships. Here, a model-based computational systems biology approach
can lead to a better understanding of the metabolic reprogramming as it would com-
prehensively capture the various interactions of metabolites, proteins and higher-level
regulatory compounds.
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Figure A.1. Extracellular concentrations of S. cerevisiae during the diauxic shift. The di�erent
colors indicate three biological replicates.
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Figure A.2. Uptake and production rates in distinct growth phases of S. cerevisiae during the
diauxic shift.
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Figure A.3. Intracellular concentrations of central carbon metabolism intermediates in S. cerevisiae
during the diauxic shift. The di�erent colors indicate three biological replicates.
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Figure A.4. Intracellular concentrations of amino acids in S. cerevisiae during the diauxic shift.
The di�erent colors indicate three biological replicates.
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Figure A.5. Intracellular concentrations of co-factors in S. cerevisiae during the diauxic shift. The
di�erent colors indicate three biological replicates.
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Figure A.6. Targeted proteins within central carbon metabolism in S. cerevisiae used in MRM-based
proteome analysis.
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A.1.4. Materials and Methods
Strain Used and Experimental Conditions

S. cerevisiae FY4 was grown in minimal de�ned medium with glucose as sole carbon
source. The medium was prepared from autoclaved salt and glucose solutions and sterile
�ltered solutions of vitamines and trace metals to reach concentrations as described
by Verduyn et al. [197]. 50 ml precultures were inoculated colonies on YPD plates
and grown in 500ml shake �asks at a glucose concentration of 10 g/l. A fermenter
(Bioengineering AG) with a working volume of 2 l minimal medium containing 5 g/l
glucose was inoculated by 5ml preculture from mid-exponential phase (initial OD 0.01-
0.02). The fermention broth was stirred at 1200 rpm, aerated with 1 vvm air, and its
temperature maintained at 30 ◦C The pH was controlled at a value of 5 by addition of
2M KOH solution. To reduce ethanol evaporation, the o�gas stream was led through a
water cooled condenser and the precipitate recycled. If necessary, a few drops of a 20%
PEG 2000 solution was added as antifoaming agent. Biological independent cultures
were carried out in triplicate.

Biomass and Extracellular Concentrations

Biomass concentrations were monitored by measuring optical density (OD) at 600 nm
with a spectrophotometer (Pharmacia Novaspec II). The correlation of OD to biomass
dry weight (0.486 gDW/l

OD
) had previously been determined from a batch culture grown

on 10 g/l glucose minimal medium. In these experiments, 15ml of culture broth at �ve
ODs ranging from 0.3 to 3.3 were �ltered using cellulose nitrate �lters with a pore size
of 0.45µm (Sartorius AG, Goettingen, Germany) and the dried �lters were weighted.
To determine the extracellular concentrations of glucose, ethanol, acetate, pyruvate,
succinate, and glycerol, 1ml samples were taken and centrifuged for 4min at 4000 rpm at
4 ◦C. The supernatant was analyzed with an HPLC system (Agilent HP1100), equipped
with a polymer column (Aminex HPX-87H from BioRad). As eluent 5mM H2SO4 was
used and the column was heated to 60 ◦C. The compounds were detected and quanti�ed
with a refractive index (RI) detector and an UV/Vis-detector (DAD). For absolute
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quanti�cation, calibration curves with external standards for the corresponding pure
substance obtained from Sigma, Switzerland, were used.

Intracellular Metabolite Concentrations

For determination of intracellular concentrations, samples were withdrawn from culture
every 15-40 min. To quench metabolism and extract intracellular metabolites, the fol-
lowing procedure was applied (modi�ed from [46, 64]). Four samples of 1-4ml at each
sampling time point and quenched in methanol at -40 ◦C. After centrifuging for 3min
at 14000 rpm and -9 ◦C, they were frozen at -40 ◦C. Intracellular metabolites were ex-
tracted by incubation in 75% ethanol for 3 min at 95 ◦C. The supernatant was retained
by centrifuging at -9 ◦C, and two samples each were prepared for either LC-MS/MS of
GC-TOF analysis.
For quanti�cation by GC-TOF, two sample aliquots were derivatized with either TMS

or TBDMS. The samples were separated via GC on a HP5-MS (Hewlett-Packard, length
30m x ID 0.25 x �lm 0.25 µm) column and injected (CIS4, Gerstel, Germany) for MS
analysis to a TOF spectrometer (Pegasus III, Leco, Germany). Detailed information on
process parameters are described in Zamboni et al., in preparation. Leco ChromaTOF
software (version 2.32) was used for machine control. An autosampler (MPS2, Gerstel,
Germcontrolledroled by Gerstel Maestro software (version 1.2.3.5) was used to provide
samples to the GC-TOF system.
For quanti�cation by LC-MS/MS, an Ion-Pairing LC method adapted from Luo et al.

[113]. The mobile phase was composed of eluent A (aqueous solution of 10mM trib-
utylamine and 15mM acetic acid) and eluent B (methanol); the gradient pro�le was
as follows: t = 0 min, 0% B; t = 15 min, 55% B; t = 27 min, 66% B; t = 28 min,
100% B. The end-capped C18 column Synergi Hydro RP, 2.1 x 150mm, 4µm particles
(Phenomenex, Ascha�enburg, Germany) was employed. The column was equilibrated
for 20min before each injection, the �ow rate was 200 µL/min, the column tempera-
ture was controlled at 40 ◦C, the injection volume was µL. For tandem MS analysis an
Applied Biosystems/MDS Sciex Q 4000 TRAPTM linear ion trap mass Spectrometer
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(AB/MDS Sciex, Concord, Canada) was coupled to the LC. Analyst software (version
1.4.2 , AB/MDS Sciex, Concord, Canada) was used for both machine control and data
acquisition. All analyses were performed in negative ion and selected reaction monitoring
mode with Q1 and Q3 set to unit resolution. Ion spray voltage, auxiliary gas temper-
ature, nebulizer gas (GS1), auxiliary gas (GS2), curtain gas (CUR) and collision gas
(CAD) were set to -4200V, 650 ◦C, 65, 40, 10, 4 (arbitrary units), respectively. Nitrogen
(Pangas, Dagmersellen, Switzerland) was used as curtain and collision gas. Declustering
potential (DP), collision energy (CE) and collision cell exit potential (CXP) were opti-
mized separately for each transition. To obtain temporal resolution of greater than 1Hz
for each transition, the run was divided into �ve segments and the dwell time for each
transition was set to 50ms.

Protein Concentrations

To determine protein concentration, duplicate samples of 25ml were harvested on ice
and washed twice with 5ml lysis bu�er (cf. below). During washing, the protein samples
were centrifuged for 5min at 5000 rpm at 4 ◦C and the supernatant discarded afterwards.
Cell pellets were frozen at -80 ◦C.
For protein extraction, the cell pellets were thawed in an ice cold lysis bu�er containing

20mM TrisHCl pH8.0, 2mM DTT, 100mM KCl, 10mM EDTA, and complete yeast
protease inhibitors cocktail (Roche, Mannheim, Germany), using 1ml of lysis bu�er
per gram of yeast. Yeast cells were lysed by glass bead beating, and lysed cells were
centrifuged to remove cellular debris. The supernatant was transferred to a fresh tube
and the protein concentration in the extract was determined by Bradford assay. Proteins
were precipitated by adding six volumes of cold (-20 ◦C) acetone and resolubilized in a
digestion bu�er containing 8M urea and 0.1M NH4HCO3. A 100µg-aliquot of each
yeast protein sample was transferred to a fresh tube and mixed with an equal amount
of 15N-labeled yeast proteins (cf. below). To digest the proteins, they were reduced with
12 mM dithiotreitol for 30min at 35 ◦C and alkylated with 40mM iodoacetamide for
45min at 25 ◦C, in the dark. Samples were diluted with 0.1M NH4HCO3 to a �nal
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concentration of 1.5M urea and sequencing grade porcine trypsin (Promega) was added
to a �nal enzyme:substrate ratio of 1:100. The digestion was stopped by acidi�cation
with formic acid to a �nal pH <3. Peptide mixtures were cleaned on Sep-Pak tC18
cartridges (Waters, Milford, MA, USA) eluted with 60% acetonitrile. Peptides were
evaporated on a vacuum centrifuge to dryness, resolubilized in 0.1% formic acid and
immediately analyzed.
Protein abundances were determined by a multiple reaction monitoring (MRM)

based mass spectrometry approach as follows. For developing and validating MRM as-
says, samples were analyzed on a hybrid triple quadrupole/ion trap mass spectrometer
(4000QTrap, ABI/MDS-Sciex, Toronto) equipped with a nanoelectrospray ion source.
Chromatographic separations of peptides were performed on a Tempo nano LC system
(Applied Biosystems) coupled to a 15 cm fused silica emitter, 75µm diameter, packed
with a Magic C18 AQ 5mm resin (Michrom BioResources, Auburn, CA, USA). Peptides
were loaded on the column from a cooled (4 ◦C) Tempo autosampler and separated with
a linear gradient of acetonitrile/water, containing 0.1% formic acid, at a �ow rate of
300 nl/min. A gradient from 5 to 30% acetonitrile in 30 or 60 min was used. The mass
spectrometer was operated in MRM mode, triggering acquisition of a full MS2 spectrum
upon detection of an MRM trace (threshold 300 ion counts). MRM acquisition was per-
formed with Q1 and Q3 operated at unit resolution (0.7m/z half maximum peak width)
with an average of 100 transitions (dwelltime 20ms/transition) per run. MS2 spectra
were acquired in the trap mode (enhanced product ion) for the two highest MRM tran-
sitions, using 100ms �xed �ll time, Q0 trapping enabled, Q1 resolution low, scan speed
4000 amu/s, m/z range 300-1300, 2 scans summed. Quantitative analysis in MRM-mode
was performed with Q1 and Q3 operated in unit resolution (0.7m/z half maximum peak
width). Collision energies for both MRM and MS2 analyses were calculated according
to the formulas: CE = 0.044 · m/z + 5.5 and CE = 0.051 · m/z + 0.5 (CE: collision
energy, m/z: mass-to-charge ratio of the precursor ion) for doubly and triply charged
precursor ions, respectively.
For the quantitative analysis, a 15N-labeled yeast digest was derived from a yeast
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batch culture that displayed diauxic growth on minimal medium with 20 g/l glucose
and 15N-labeled ammonium as nitrogen source. To gain high coverage of metabolic pro-
teins, aliquots from the di�erent phases (growth on glucose, transient phase and growth
on ethanol) of this experiment were mixed. The such heavy labeled protein mixture
was used as an internal standard and was spiked into each sample at a 1:1 ratio be-
fore digestion. The three most intense transitions from each validated peptide and for
the corresponding 15N-labelled analogue were chosen for quantitative analysis in MRM
mode. Quantitation was performed in scheduled-MRM mode, using a protototype ac-
quisition software which features the acquisition of transitions restricted to retention
time windows. Peak height was determined with Multiquant 1.0.0.1 software (Applied
Biosystems/MDS Sciex) after con�rming for each peptide the co-elution of all 6 transi-
tions. Peak height ratios of the sample transition and internal standard transition was
corrected for spray e�ciency and ionization di�erences between runs.

130



References

1. EcoCyc: Encyclopedia of Escherichia coli K12 genes and metabolism,
http://ecocyc.org/.

2. Wolfram Information Center, http://library.wolfram.com/infocenter/Math
Source/5704/.

3. NIST database on thermodynamics of enzyme-catalyzed reactions,
http://xpdb.nist.gov/enzyme_thermodynamics.

4. R. Aebersold and M. Mann. Mass spectrometry-based proteomics. Nature, 422
(6928):198�207, 2003.

5. D. Ahuatzi, A. Riera, R. Pelaez, P. Herrero, and F. Moreno. Hxk2 regulates the
phosphorylation state of Mig1 and therefore its nucleocytoplasmic distribution. J
Biol Chem, 282(7):4485�93, 2007.

6. K. Al Zaid Siddiquee, M. J. Arauzo-Bravo, and K. Shimizu. Metabolic �ux anal-
ysis of pykF gene knockout Escherichia coli based on 13C-labeling experiments
together with measurements of enzyme activities and intracellular metabolite con-
centrations. Appl Microbiol Biotechnol, 63:407�417, 2004.

7. R. A. Alberty. Thermodynamics of Biochemical Reactions. John Wiley & Sons
Inc., Hoboken, New Jersey, 2003.

8. E. Almaas, B. Kovacs, T. Vicsek, Z. N. Oltvai, and A. L. Barabasi. Global orga-
nization of metabolic �uxes in the bacterium Escherichia coli. Nature, 427(6977):
839�843, 2004.

9. B. M. Bakker, K. M. Overkamp, A. J. A. van Maris, P. Kotter, M. A. H. Luttik,
J. P. van Dijken, and J. T. Pronk. Stoichiometry and compartmentation of NADH
metabolism in Saccharomyces cerevisiae. FEMS Microbiol Rev, 25(1):15�37, 2001.

10. A. L. Barabasi and Z. N. Oltvai. Network biology: Understanding the cell's func-
tional organization. Nat Rev Genet, 5(2):101�13, 2004.

11. D. A. Beard. A biophysical model of the mitochondrial respiratory system and
oxidative phosphorylation. PLoS Comput Biol, 1(4):e36, 2005.

131



References

12. D. A. Beard, E. Babson, E. Curtis, and H. Qian. Thermodynamic constraints for
biochemical networks. J Theor Biol, 228(3):327�333, 2004.

13. D. A. Beard, S. C. Liang, and H. Qian. Energy balance for analysis of complex
metabolic networks. Biophys J, 83(1):79�86, 2002.

14. D. A. Beard and Hong Q. Thermodynamic-based computational pro�ling of cellular
regulatory control in hepatocyte metabolism. Am J Physiol Endocrinol Metab, 288
(3):E663�E644, 2004.

15. M. M. Belinchon and J. M. Gancedo. Glucose controls multiple processes in Sac-
charomyces cerevisiae through diverse combinations of signaling pathways. FEMS
Yeast Res, 2007.

16. L. Beney, P. A. Marechal, and P. Gervais. Coupling e�ects of osmotic pressure and
temperature on the viability of Saccharomyces cerevisiae. Appl Microbiol Biotech-
nol, 56(3-4):513�6, 2001.

17. J. M. Berg, J. L. Tymoczko, and L. Stryer. Biochemistry. W. H. Freeman and
Company, New York, New York, USA, 2003.

18. L. Blank, L. Küpfer, and U. Sauer. Large-scale 13C-�ux analysis reveals mechanistic
principles of metabolic network robustness to null mutations in yeast. Genome Biol,
6(6):R49, 2005.

19. L. Blank, F. Lehmbeck, and U. Sauer. Metabolic-�ux and network analysis in
fourteen hemiascomycetous yeasts. FEMS Yeast Res, 5:545�558, 2005.

20. L. M. Blank and U. Sauer. TCA cycle activity in Saccharomyces cerevisiae is
a function of the environmentally determined speci�c growth and glucose uptake
rates. Microbiology, 150(Pt 4):1085�93, 2004.

21. C. J. Bolten, P. Kiefer, F. Letisse, J. C. Portais, and C. Wittmann. Sampling for
metabolome analysis of microorganisms. Anal Chem, 79(10):3843�9, 2007.

22. I. Borodina and J. Nielsen. From genomes to in silico cells via metabolic networks.
Curr Opin Biotechnol, 16(3):350�355, 2005.

23. D. Bosch, M. Johansson, C. Ferndahl, C. J. Franzen, C. Larsson, and L. Gustafsson.
Characterization of glucose transport mutants of Saccharomyces cerevisiae during
a nutritional upshift reveals a correlation between metabolite levels and glycolytic
�ux. FEMS Yeast Res, 8(1):10�25, 2008.

24. E. Boy-Marcotte, M. Perrot, F. Bussereau, H. Boucherie, and M. Jacquet. Msn2p
and Msn4p control a large number of genes induced at the diauxic transition which
are repressed by cyclic AMP in Saccharomyces cerevisiae. J Bacteriol, 180(5):
1044�1052, 1998.

132



References

25. E. Boy-Marcotte, D. Tadi, M. Perrot, H. Boucherie, and M. Jacquet. High cAMP
levels antagonize the reprogramming of gene expression that occurs at the diauxic
shift in Saccharomyces cerevisiae. Microbiology, 142(Pt 3):459�67, 1996.

26. E. I. Boyle, S. Weng, J. Gollub, H. Jin, D. Botstein, J. M. Cherry, and G. Sherlock.
GO:TermFinder - open source software for accessing gene ontology information and
�nding signi�cantly enriched gene ontology terms associated with a list of genes.
Bioinformatics, 20(18):3710�5, 2004.

27. M. Brauer, A. J. Saldanha, K. Dolinski, and D. Botstein. Homeostatic adjustment
and metabolic remodeling in glucose-limited yeast cultures. Mol Biol Cell, 16:
2503�2517, 2005.

28. M. J. Brauer, J. Yuan, B. D. Bennett, W. Lu, E. Kimball, D. Botstein, and J. D.
Rabinowitz. Conservation of the metabolomic response to starvation across two
divergent microbes. Proc Natl Acad Sci U S A, 103(51):19302�7, 2006.

29. C. Brocard, F. Kragler, M. Binder, and A. Hartig. Regulation of malate synthase
activity. Ann N Y Acad Sci, 804:694�5, 1996.

30. M. Brown, W. B. Dunn, D. I. Ellis, R. Goodacre, J. Handl, J. D. Knowles,
S. O'Hagan, I. Spasi¢, and D. B. Kell. A metabolome pipeline: From concept
to data to knowledge. Metabolomics, 1(1):39�51, 2005.

31. A. Buchholz, R. Takors, and C. Wandrey. Quanti�cation of intracellular metabo-
lites in Escherichia coli K12 using liquid chromatographic-electrospray ionization
tandem mass spectrometric techniques. Anal Biochem, 295:129�137, 2001.

32. T. Cakir, K. R. Patil, Z. Onsan, K. O. Ulgen, B. Kirdar, and J. Nielsen. Integration
of metabolome data with metabolic networks reveals reporter reactions. Mol Syst
Biol, 2:50, 2006.

33. A. B. Canelas, W. M. Van Gulik, and J. J. Heijnen. Determination of the cytosolic
free NAD/NADH ratio in Saccharomyces cerevisiae under steady-state and highly
dynamic conditions. Biotech Bioeng, 2008.

34. R. Caspi, H. Förster, C.A. Fulcher, R. Hopkinson, J. L. Ingraham, P. Kaipa,
M. Krummenacker, S. Paley, J. Pick, S.Y. Rhee, C. Tissier, P. Zhang, and P.D.
Karp. MetaCyc: A multiorganism database of metabolic pathways and enzymes.
Nucleic Acids Res, 34:D511�516, 2006.

35. D. Cavalieri, C. Castagnini, S. Toti, K. Maciag, T. Kelder, L. Gambineri, S. Angioli,
and P. Dolara. Eu.Gene Analyzer a tool for integrating gene expression data with
pathway databases. Bioinformatics, 23(19):2631�2, 2007.

36. D. Cavalieri and C. De Filippo. Bioinformatic methods for integrating whole-
genome expression results into cellular networks. Drug Discov Today, 10(10):727�
34, 2005.

133



References

37. S. Cavero, A. Vozza, A. del Arco, L. Palmieri, A. Villa, E. Blanco, M. J. Runswick,
J. E. Walker, S. Cerdan, F. Palmieri, and J. Satrustegui. Identi�cation and
metabolic role of the mitochondrial aspartate-glutamate transporter in Saccha-
romyces cerevisiae. Mol Microbiol, 50(4):1257�1269, 2003.

38. C. Chassagnole, N. Noisommit-Rizzi, J. W. Schmid, K. Mauch, and M. Reuss.
Dynamic modeling of the central carbon metabolism of Escherichia coli. Biotech
Bioeng, 79(1):53�73, 2002.

39. S. Colombo, D. Ronchetti, J. M. Thevelein, J. Winderickx, and E. Martegani.
Activation state of the Ras2 protein and glucose-induced signaling in Saccharomyces
cerevisiae. J Biol Chem, 279(45):46715�22, 2004.

40. M. W. Covert, E. M. Knight, J. L. Reed, M. J. Herrgard, and B. Ø. Palsson.
Integrating high-throughput and computational data elucidates bacterial networks.
Nature, 429(6987):92�96, 2004.

41. M. W. Covert, C. H. Schilling, I. Famili, J. S. Edwards, I. I. Goryanin, E. Selkov,
and B. Ø. Palsson. Metabolic modeling of microbial strains in silico. Trends
Biochem Sci, 26(3):179�186, 2001.

42. B. Crabtree, E. A. Newsholme, and N. B. Reppas. Principles of regulation and
control in biochemistry: A pragmatic, �ux-oriented approach. In J. F. Ho�man
and J. D. Jamieson, editors, Handbook of Physiology, volume Section 14: Cell
Physiology, pages 117�180. Oxford University Press, New York, 1997.

43. I. T. Creaghan and J. R. Guest. Succinate dehydrogenase-dependent nutritional-
requirement for succinate in mutants of Escherichia Coli K12. J General Microbiol,
107(JUL):1�13, 1978.

44. S. Dano, M. F. Madsen, H. Schmidt, and G. Cedersund. Reduction of a biochemical
model with preservation of its basic dynamic properties. FEBS J, 273(21):4862�77,
2006.

45. P. Daran-Lapujade, M. L. A. Jansen, J.-M. Daran, W. van Gulik, J. H. de Winde,
and J. T. Pronk. Role of transcriptional regulation in controlling �uxes in central
carbon metabolism of Saccharomyces cerevisiae. a chemostat culture study. J Biol
Chem, 279(10):9125�38. Epub: 2003 Nov 20, 2004.

46. W. de Koning and K. van Dam. A method for the determination of changes
of glycolytic metabolites in yeast on a subsecond time scale using extraction at
neutral pH. Anal Biochem, 204(1):118�123, 1992.

47. D. Degenring, C. Froemel, G. Dikta, and R. Takors. Sensitivity analysis for the
reduction of complex metabolism models. J Process Control, 14(7):729�745, 2004.

134



References

48. A. DeLuna, A. Avendano, L. Riego, and A. Gonzalez. NADP-glutamate dehydro-
genase isoenzymes of Saccharomyces cerevisiae - puri�cation, kinetic properties,
and physiological roles. J Biol Chem, 276(47):43775�43783, 2001.

49. J. L. DeRisi, V. R. Iyer, and P. O. Brown. Exploring the metabolic and genetic
control of gene expression on a genome-scale. Science, 278:680�686, 1997.

50. K. Dettmer, P. A. Aronov, and B. D. Hammock. Mass spectrometry-based
metabolomics. Mass Spectrom Rev, 26(1):51�78, 2007.

51. J. R. Dickinson. Central metabolism. In J. R. Dickinson and M. Schweizer, editors,
The Metabolism and Molecular Physiology of Saccharomyces cerevisiae. Taylor and
Francis, Philadelphia, 1999.

52. B. Domon and R. Aebersold. Mass spectrometry and protein analysis. Science,
312(5771):212�7, 2006.

53. N. C. Duarte, S. A. Becker, N. Jamshidi, I. Thiele, M. L. Mo, T. D. Vo, R. Srivas,
and B. Ø. Palsson. Global reconstruction of the human metabolic network based
on genomic and bibliomic data. Proc Natl Acad Sci U S A, 104(6):1777�82, 2007.

54. N. C. Duarte, M. J. Herrgard, and B. Ø. Palsson. Reconstruction and valida-
tion of Saccharomyces cerevisiae iND750, a fully compartmentalized genome-scale
metabolic model. Genome Res, 14(7):1298�1309, 2004.

55. J. S. Edwards, M. Covert, and B. Ø. Palsson. Metabolic modelling of microbes:
The �ux-balance approach. Environ Microbiol, 4(3):133�140, 2002.

56. J. S. Edwards and B. Ø. Palsson. The Escherichia coli MG1655 in silico metabolic
genotype: Its de�nition, characteristics, and capabilities. Proc Natl Acad Sci U S
A, 97(10):5528�5533, 2000.

57. M. Emmerling, J. E. Bailey, and U. Sauer. Glucose catabolism of Escherichia coli
strains with increased activity and altered regulation of key glycolytic enzymes.
Metab Eng, 1(2):117�27, 1999.

58. D. A. Fell. Metabolic control analysis: A survey of its theoretical and experimental
development. Biochem J, 286 (Pt 2):313�30, 1992.

59. E. Fischer and U. Sauer. Metabolic �ux pro�ling of Escherichia coli mutants in
central carbon metabolism using GC-MS. Eur J Biochem, 270(5):880�891, 2003.

60. E. Fischer, N. Zamboni, and U. Sauer. High-throughput metabolic �ux analysis
based on gas chromatography-mass spectrometry derived 13C constraints. Anal
Biochem, 325(2):308�316, 2004.

61. J. Förster, I. Famili, P. Fu, B. Ø. Palsson, and J. Nielsen. Genome-scale recon-
struction of the Saccharomyces cerevisiae metabolic network. Genome Res, 13(2):
244�253, 2003.

135



References

62. D. G. Fraenkel. Genetics and intermediary metabolism. Annu Rev Genet, 26:
159�177, 1992.

63. T. Fuhrer, E. Fischer, and U. Sauer. Experimental identi�cation and quanti�cation
of glucose metabolism in seven bacterial species. J Bacteriol, 187(5):1581�90, 2005.

64. B. Gonzalez, J. François, and M. Renaud. A rapid and reliable method for metabo-
lite extraction in yeast using boiling bu�ered ethanol. Yeast, 13(14):1347�55, 1997.

65. R. Goodacre, S. Vaidyanathan, W. B. Dunn, G. G. Harrigan, and D. B. Kell.
Metabolomics by numbers: Acquiring and understanding global metabolite data.
Trends Biotechnol, 22(5):245�252, 2004.

66. M. L. Green and P. D. Karp. A Bayesian method for identifying missing enzymes
in predicted metabolic pathway databases. BMC Bioinformatics, 5:76, 2004.

67. P. Grosu, J. P. Townsend, D. L. Hartl, and D. Cavalieri. Pathway Processor: A tool
for integrating whole-genome expression results into metabolic networks. Genome
Res, 12(7):1121�6, 2002.

68. U. Güldener, S. Heck, T. Fielder, J. Beinhauer, and J. H. Hegemann. A new
e�cient gene disruption cassette for repeated use in budding yeast. Nucleic Acids
Res, 24(13):2519�24, 1996.

69. V. Haurie, M. Perrot, T. Mini, P. Jenö, F. Sagliocco, and H. Boucherie. The tran-
scriptional activator Cat8p provides a major contribution to the reprogramming
of carbon metabolism during the diauxic shift in Saccharomyces cerevisiae. J Biol
Chem, 276(1):76�85, 2001.

70. V. Haurie, F. Sagliocco, and H. Boucherie. Dissecting regulatory networks by means
of two-dimensional gel electrophoresis: Application to the study of the diauxic shift
in the yeast Saccharomyces cerevisiae. Proteomics, 4(2):364�73, 2004.

71. K. Hedbacker, R. Townley, and M. Carlson. Cyclic AMP-dependent protein kinase
regulates the subcellular localization of Snf1-Sip1 protein kinase. Mol Cell Biol, 24
(5):1836�43, 2004.

72. M. Heinemann, A. Kümmel, R. Ruinatscha, and S. Panke. In silico genome-
scale reconstruction and validation of the Staphylococcus aureus metabolic network.
Biotechnol Bioeng, 92(7):850�864, 2005.

73. C. S. Henry, L. J. Broadbelt, and V. Hatzimanikatis. Thermodynamics-based
metabolic �ux analysis. Biophys J, 92(5):1792�805, 2007.

74. C. S. Henry, M. D. Jankowski, L. J. Broadbelt, and V. Hatzimanikatis. Genome-
scale thermodynamic analysis of Escherichia coli metabolism. Biophys J, 90(4):
1453�1461, 2006.

136



References

75. P. Herrero, C. Martinez-Campa, and F. Moreno. The hexokinase 2 protein partici-
pates in regulatory DNA-protein complexes necessary for glucose repression of the
SUC2 gene in Saccharomyces cerevisiae. FEBS Lett, 434(1-2):71�6, 1998.

76. M. H. Hoefnagel, M. J. Starrenburg, D. E. Martens, J. Hugenholtz, M. Kleere-
bezem, II Van, Swam, R. Bongers, H. V. Westerho�, and J. L. Snoep. Metabolic
engineeing of lactic acid bacteria, the combined approach: Kinetic modelling,
metabolic control and experimental analysis. Microbiology, 148(Pt 4):1003�13,
2002.

77. S. Hohmann, J. Winderickx, J. H. de Winde, D. Valckx, P. Cobbaert, K. Luyten,
C. de Meirsman, J. Ramos, and J. M. Thevelein. Novel alleles of yeast hexokinase
PII with distinct e�ects on catalytic activity and catabolite repression of SUC2.
Microbiology, 145 (Pt 3):703�14, 1999.

78. A. Hoppe, S. Ho�mann, and H. G. Holzhütter. Including metabolite concentrations
into �ux balance analysis: Thermodynamic realizability as a constraint on �ux
distributions in metabolic networks. BMC Syst Biol, 1(1):23, 2007.

79. M. A. Hoque, H. Ushiyama, M. Tomita, and K. Shimizu. Dynamic responses
of the intracellular metabolite concentrations of the wild type and pykA mutant
Escherichia coli against pulse addition of glucose or NH3 under those limiting
continuous cultures. Biochem Eng J, 26(1):38�49, 2005.

80. J. Horak, J. Regelmann, and D. H. Wolf. Two distinct proteolytic systems re-
sponsible for glucose-induced degradation of fructose-1,6-bisphosphatase and the
Gal2p transporter in the yeast Saccharomyces cerevisiae share the same protein
components of the glucose signaling pathway. J Biol Chem, 277(10):8248�54, 2002.

81. T. Ideker, T. Galitski, and L. Hood. A new approach to decoding life: Systems
biology. Annu Rev Genomics Hum Genet, 2:343�72, 2001.

82. T. Ideker, V. Thorsson, J. A. Ranish, R. Christmas, J. Buhler, J. K. Eng, R. Bum-
garner, D. R. Goodlett, R. Aebersold, and L. Hood. Integrated genomic and pro-
teomic analyses of a systematically perturbed metabolic network. Science, 292
(5518):929�34, 2001.

83. N. Jamshidi, J. S. Edwards, T. Fahland, G. M. Church, and B. Ø. Palsson. Dynamic
simulation of the human red blood cell metabolic network. Bioinformatics, 17(3):
286�7, 2001.

84. N. Jamshidi and B. Ø. Palsson. Formulating genome-scale kinetic models in the
post-genome era. Mol Syst Biol, 4:171, 2008.

85. H. Jeong, B. Tombor, R. Albert, Z. N. Oltvai, and A. L. Barabasi. The large-scale
organization of metabolic networks. Nature, 407(6804):651�4, 2000.

137



References

86. A. R. Joyce and B. Ø. Palsson. The model organism as a system: Integrating
`omics' data sets. Nat Rev Mol Cell Biol, 7(3):198�210, 2006.

87. M. Kaneshisa, S. Goto, S. Kawashima, Y. Okuno, and M. Hattori. The KEGG
resource for deciphering the genome. Nucleic Acids Res, 32:D277�280, 2004.

88. P. D. Karp, S. Paley, and P. Romero. The Pathway Tools software. Bioinformatics,
18 Suppl 1:S225�32, 2002.

89. E. K. Kastanos, Y. Y. Woldman, and D. R. Appling. Role of mitochondrial and
cytoplasmic serine hydroxymethyltransferase isozymes in de novo purine synthesis
in Saccharomyces cerevisiae. Biochemistry, 36(48):14956�14964, 1997.

90. T. Kataoka, D. Broek, and M. Wigler. DNA sequence and characterization of the
S. cerevisiae gene encoding adenylate cyclase. Cell, 43(2 Pt 1):493�505, 1985.

91. K. J. Kau�man, P. Prakash, and J. S. Edwards. Advances in �ux balance analysis.
Curr Opin Biotechnol, 14(5):491�496, 2003.

92. P. Kharchenko, L. Chen, Y. Freund, D. Vitkup, and G. M. Church. Identifying
metabolic enzymes with multiple types of association evidence. BMC Bioinformat-
ics, 7:177, 2006.

93. H. Kitano. Computational systems biology. Nature, 420(6912):206�210, 2002.
94. H. Kitano. Systems biology: A brief overview. Science, 295(5560):1662�1664, 2002.
95. S. Klamt and J. Stelling. Combinatorial complexity of pathway analysis in

metabolic networks. Mol Biol Rep, 29(1-2):233�6, 2002.
96. C. J. L. Klein, L. Olsson, and J. Nielsen. Glucose control in Saccharomyces cere-

visiae: The role of MIG1 in metabolic functions. Microbiology, 144:13�24, 1998.
97. E. Klipp. Modelling dynamic processes in yeast. Yeast, 24(11):943�59, 2007.
98. E. Klipp, B. Nordlander, R. Kruger, P. Gennemark, and S. Hohmann. Integrative

model of the response of yeast to osmotic shock. Nat Biotechnol, 23(8):975�82,
2005.

99. B. J. Koebmann, H. V. Westerho�, J. L. Snoep, D. Nilsson, and P. R. Jensen. The
glycolytic �ux in Escherichia coli is controlled by the demand for ATP. J Bacteriol,
184(14):3909�3916, 2002.

100. S. Kratzer and H. J. Schuller. Transcriptional control of the yeast acetyl-CoA syn-
thetase gene, ACS1, by the positive regulators CAT8 and ADR1 and the pleiotropic
repressor UME6. Mol Microbiol, 26(4):631�41, 1997.

138



References

101. M. T. A. P. Kresnowati, W. A. van Winden, and J. J. Heijnen. Determination
of elasticities, concentration and �ux control coe�cients from transient metabolite
data using linlog kinetics. Metab Eng, 7(2):142�153, 2005.

102. A. Kümmel, S. Panke, and M. Heinemann. Putative regulatory sites unraveled by
network-embedded thermodynamic analysis of metabolome data. Mol Syst Biol, 2:
2006.0034, 2006.

103. A. Kümmel, S. Panke, and M. Heinemann. Systematic assignment of thermody-
namic constraints in metabolic network models. BMC Bioinformatics, 7:512, 2006.

104. M. Kunze, F. Kragler, M. Binder, A. Hartig, and A. Gurvitz. Targeting of malate
synthase 1 to the peroxisomes of Saccharomyces cerevisiae cells depends on growth
on oleic acid medium. Eur J Biochem, 269(3):915�922, 2002.

105. L. Küpfer, U. Sauer, and L. Blank. Metabolic functions of duplicate genes in
Saccharomyces cerevisiae. Genome Res, 15:1421�1430, 2005.

106. A. Lafaye, J. Labarre, J.-C. Tabet, E. Ezan, and C. Junot. Liquid chromatography-
mass spectrometry and 15N metabolic labeling for quantitative metabolic pro�ling.
Anal Chem, 77(7):2026�2033, 2005.

107. H. C. Lange, M. Eman, G. van Zuijlen, D. Visser, J. C. van Dam, J. Frank, M. J. T.
de Mattos, and J. J. Heijnen. Improved rapid sampling for in vivo kinetics of
intracellular metabolites in Saccharomyces cerevisiae. Biotechnol Bioeng, 75(4):
406�415, 2001.

108. H. C. Lange and J. J. Heijnen. Statistical reconciliation of the elemental and
molecular biomass composition of Saccharomyces cerevisiae. Biotechnol Bioeng, 75
(3):334�344, 2001.

109. F. J. S. Lee, L. W. Lin, and J. A. Smith. A glucose-repressible gene encodes acetyl-
CoA hydrolase from Saccharomyces cerevisiae. J Biol Chem, 265(13):7413�7418,
1990.

110. W. Liebermeister and E. Klipp. Bringing metabolic networks to life: Integration
of kinetic, metabolic, and proteomic data. Theor Biol Med Model, 3:42, 2006.

111. O. H. Lowry, J. Carter, J. B. Ward, and L. Glaser. E�ect of carbon and nitrogen
sources on level of metabolic intermediates in Escherichia coli. J Biol Chem, 246
(21):6511�, 1971.

112. P. Ludovico, F. Sansonetty, and M. Corte-Real. Assessmenst of mitochondrial
membrane potential in yeast cell populations by �ow cytometry. Microbiology, 147:
3335�3343, 2001.

139



References

113. B. Luo, K. Groenke, R. Takors, C. Wandrey, and M. Oldiges. Simultaneous de-
termination of multiple intracellular metabolites in glycolysis, pentose phosphate
pathway and tricarboxylic acid cycle by liquid chromatography-mass spectrometry.
J Chromatogr A, 1147(2):153�64, 2007.

114. L. L. Lut�yya, V. R. Iyer, J. DeRisi, M. J. DeVit, P. O. Brown, and M. Johnston.
Characterization of three related glucose repressors and genes they regulate in
Saccharomyces cerevisiae. Genetics, 150(4):1377�91, 1998.

115. H. Ma and D. Botstein. E�ects of null mutations in the hexokinase genes of Sac-
charomyces cerevisiae on catabolite repression. Mol Cellul Biol, 6(11):4046�52,
1986.

116. H. Maaheimo, J. Fiaux, Z. P. Cakar, J. E. Bailey, U. Sauer, and T. Szyperski.
Central carbon metabolism of Saccharomyces cerevisiae explored by biosynthetic
fractional 13C labeling of common amino acids. Eur J Biochem, 268(8):2464�2479,
2001.

117. M. T. Martinez-Pastor, G. Marchler, C. Schüller, A. Marchler-Bauer, H. Ruis,
and F. Estruch. The Saccharomyces cerevisiae zinc �nger proteins Msn2p and
Msn4p are required for transcriptional induction through the stress response ele-
ment (STRE). EMBO J, 15(9):2227�35, 1996.

118. M. R. Mashego, M. L. A. Jansen, J. L. Vinke, W. M. van Gulik, and J. J. Heijnen.
Changes in the metabolome of Saccharomyces cerevisiae associated with evolution
in aerobic glucose-limited chemostats. FEMS Yeast Res, 5(4-5):419�430, 2005.

119. M. R. Mashego, K. Rumbold, M. De Mey, E. Vandamme, W. Soetaert, and J. J.
Heijnen. Microbial metabolomics: Past, present and future methodologies. Biotech-
nol Lett, 29(1):1�16, 2007.

120. T. Maskow and U. von Stockar. How reliable are thermodynamic feasibility state-
ments of biochemical pathways? Biotechnol Bioeng, 92(2):223�30, 2005.

121. M. L. Mavrovouniotis. Estimation of standard gibbs energy changes of biotrans-
formations. J Biol Chem, 266(22):14440�14445, 1991.

122. M. L. Mavrovouniotis. Identi�cation of localized and distributed bottlenecks in
metabolic pathways. In ISMB-93, pages 273�283, 1993.

123. I. Mayordomo and P. Sanz. Human pancreatic glucokinase (GlkB) complements
the glucose signalling defect of Saccharomyces cerevisiae hxk2 mutants. Yeast, 18
(14):1309�16, 2001.

124. K. I. Minard and L. McAlister-Henn. Glucose-induced phosphorylation of the
MDH 2 isozyme of malate dehydrogenase in Saccharomyces cerevisiae. Arch
Biochem Biophys, 315(2):302�9, 1994.

140



References

125. N. Monschau, K. P. Stahmann, H. Sahm, J. B. McNeil, and A. L. Bognar. Identi-
�cation of Saccharomyces cerevisiae GLY 1 as a threonine aldolase: A key enzyme
in glycine biosynthesis. FEMS Microbiol Lett, 150(1):55�60, 1997.

126. F. Moreno and P. Herrero. The hexokinase 2-dependent glucose signal transduction
pathway of Saccharomyces cerevisiae. FEMS Microbiol Rev, 26(1):83�90, 2002.

127. D. Müller, S. Exler, L. Aguilera-Vazquez, E. Guerro-Martin, and Reuss M. Cyclic
AMP mediates the cell cycle dynamics of energy metabolism in Saccharomyces
cerevisiae. Yeast, 20:351�367, 2003.

128. A. Nanchen, A. Schicker, and U. Sauer. Non-linear dependency of intracellular
�uxes on growth rate in miniaturized continuous cultures of Escherichia coli. Appl
Environ Microbiol, 72(2):1164�1172, 2006.

129. J. P. Navarro-Aviño, R. Prasad, V. J. Miralles, R. M. Benito, and R. Serrano. A
proposal for nomenclature of aldehyde dehydrogenases in Saccharomyces cerevisiae
and characterization of the stress-inducible ALD2 and ALD3 genes. Yeast, 15(10A):
829�42, 1999.

130. J. Nielsen. Metabolic control analysis of biochemical pathways based on a thermoki-
netic description of reaction rates. Biochem J, 321:133�138, 1997.

131. J. O. Nielsen and S. G. Oliver. The next wave in metabolome analysis. Trends
Biotechnol, 23(11):544�546, 2005.

132. R. A. Notebaart, F. H. J. van Enckevort, C. Francke, R. J. Siezen, and B. Teusink.
Accelerating the reconstruction of genome-scale metabolic networks. BMC Bioin-
formatics, 7:296, 2006.

133. M. Oldiges, S. Lutz, S. P�ug, K. Schroer, N. Stein, and C. Wiendahl. Metabolomics:
Current state and evolving methodologies and tools. Appl Microbiol Biotechnol, 76
(3):495�511, 2007.

134. I. L. Påhlman, C. Larssokn, N. Averet, O. Bunoust, S. Boubekeur, L. Gustafsson,
and M. Rigoulet. Kinetic regulation of the mitochondrial glycerol-3-phosphate
dehydrogenase by the external NADH dehydrogenase in Saccharomyces cerevisiae.
J Biol Chem, 277(31):27991�27995, 2002.

135. A. Palomino, P. Herrero, and F. Moreno. Rgt1, a glucose sensing transcription
factor, is required for transcriptional repression of the HXK2 gene in Saccharomyces
cerevisiae. Biochem J, 388(Pt 2):697�703, 2005.

136. B. Ø. Palsson, N. D. Price, and J. A. Papin. Development of network-based pathway
de�nitions: The need to analyze real metabolic networks. Trends Biotechnol, 21
(5):195�198, 2003.

141



References

137. J. A. Papin, J. Stelling, N. D. Price, S. Klamt, S. Schuster, and B. Ø. Palsson.
Comparison of network-based pathway analysis methods. Trends Biotechnol, 22
(8):400�405, 2004.

138. K. R. Patil and J. Nielsen. Uncovering transcriptional regulation of metabolism by
using metabolic network topology. Proc Natl Acad Sci U S A, 102(8):2685�2689,
2005.

139. K. R. Patil, I. Rocha, J. Forster, and J. Nielsen. Evolutionary programming as a
platform for in silico metabolic engineering. BMC Bioinformatics, 6:308, 2006.

140. I. Pedruzzi, N. Burckert, P. Egger, and C. De Virgilio. Saccharomyces cerevisiae
Ras/cAMP pathway controls post-diauxic shift element-dependent transcription
through the zinc �nger protein Gis1. EMBO J, 19(11):2569�79, 2000.

141. T. Penfound and J. W. Foster. Biosynthesis and recycling of NAD. In F. C.
Neidhardt, editor, Escherichia and Salmonella. 1996.

142. L. Peng, M. J. Arauzo-Bravo, and K. Shimizu. Metabolic �ux analysis for a ppc
mutant Escherichia coli based on 13C-labelling experiments together with enzyme
activity assays and intracellular metabolite measurements. FEMS Microbiol Lett,
235(1):17�23, 2004.

143. T. Pfei�er, I. Sánchez-Valdenebro, J. C. Nuño, F. Montero, and S. Schuster. META-
TOOL: For studying metabolic networks. Bioinformatics, 15(3):251�7, 1999.

144. P. Pharkya, A. P. Burgard, and C. D. Maranas. OptStrain: A computational
framework for redesign of microbial production systems. Genome Res, 14(11):
2367�2376, 2004.

145. P. D. Pissara, J. Nielsen, M. J. Bazin, and P. D. Pissarra. Pathway kinetics and
metabolic control analysis of a high-yielding strain of Penicillium chrysogenum
during fed batch cultivations. Biotechnol Bioeng, 52(5):631�631, 1996.

146. P. D. Pissarra and J. Nielsen. Thermodynamics of metabolic pathways for penicillin
production: Analysis of thermodynamic feasibility and free energy changes during
fed-batch cultivation. Biotechnol Progr, 13(2):156�165, 1997.

147. N. D. Price, I. Famili, D. A. Beard, and B. Ø. Palsson. Extreme pathways and
Kirchho�'s second law. Biophys J, 83(5):2879�2882, 2002.

148. N. D. Price, J. A. Papin, C. H. Schilling, and B. Ø. Palsson. Genome-scale microbial
in silico models: The constraints-based approach. Trends Biotechnol, 21(4):162�
169, 2003.

149. N. D. Price, J. L. Reed, and B. Ø. Palsson. Genome-scale models of microbial
cells: Evaluating the consequences of constraints. Nat Rev Microbiol, 2(11):886�
897, 2004.

142



References

150. L. M. Raamsdonk, B. Teusink, D. Broadhurst, N. Zhang, A. Hayes, M. C. Walsh,
J. A. Berden, K. M. Brindle, D. B. Kell, J. J. Rowland, H. V. Westerho�, K. van
Dam, and S. G. Oliver. A functional genomics strategy that uses metabolome data
to reveal the phenotype of silent mutations. Nat Biotechnol, 19(1):45�50, 2001.

151. V. Raghevendran, A. K. Gombert, B. Christensen, P. Kötter, and J. Nielsen. Phe-
notypic characterization of glucose repression mutants of Saccharomyces cerevisiae
using experiments with 13C-labelled glucose. Yeast, 21:769�779, 2004.

152. F. Randez-Gil, P. Sanz, K. D. Entian, and J. A. Prieto. Carbon source-dependent
phosphorylation of hexokinase pii and its role in the glucose-signaling response in
yeast. Mol Cell Biol, 18(5):2940�8, 1998.

153. E. Ravasz, A. L. Somera, D. A. Mongru, Z. N. Oltvai, and A. L. Barabasi. Hi-
erarchical organization of modularity in metabolic networks. Science, 297(5586):
1551�1555, 2002.

154. J. L. Reed and B. Ø. Palsson. Thirteen years of building constraint-base in silico
models of Escherichia coli. J Bacteriol, 185(9):2692�2699, 2003.

155. J. L. Reed, T. D. Vo, C. H. Schilling, and B. Ø. Palsson. An expanded genome-
scale model of Escherichia coli K12 (iJR904 GSM/GPR). Genome Biol, 4(9):art.
no.�R54, 2003.

156. K. A. Reijenga, J. L. Snoep, J. A. Diderich, H. W. van Verseveld, H. V. West-
erho�, and B. Teusink. Control of glycolytic dynamics by hexose transport in
Saccharomyces cerevisiae. Biophys J, 80(2):626�34, 2001.

157. G. Rigaut, A. Shevchenko, B. Rutz, M. Wilm, M. Mann, and B. Seraphin. A generic
protein puri�cation method for protein complex characterization and proteome
exploration. Nat Biotechnol, 17(10):1030�2, 1999.

158. M. Rigoulet, H. Aguilaniu, N. Averet, O. Bunoust, N. Camougrand, X. Grandier-
Vazeille, C. Larsson, I. L. Påhlman, S. Manon, and L. Gustafsson. Organization
and regulation of the cytosolic NADH metabolism in the yeast Saccharomyces
cerevisiae. Mol Cellul Biochem, 256(1-2):73�81, 2004.

159. C. Riondet, R. Cachon, Y. Wache, G. Alcaraz, and C. Divies. Changes in the
proton-motive force in Escherichia coli in response to external oxidoreduction po-
tential. Eur J Biochem, 262(2):595�599, 1999.

160. A. Rodriguez, T. De La Cera, P. Herrero, and F. Moreno. The hexokinase 2 protein
regulates the expression of the GLK1, HXK1 and HXK2 genes of Saccharomyces
cerevisiae. Biochem J, 355(Pt 3):625�31, 2001.

161. F. Rolland, J. Winderickx, and J. M. Thevelein. Glucose-sensing and -signalling
mechanisms in yeast. FEMS Yeast Res, 2(2):183�201, 2002.

143



References

162. T. Romeo and J. L. Snoep. Glycolysis and �ux control. In EcoSal - Escherichia
coli and Salmonella: Cellular and molecular biology, volume 3.5.1 (chapter). ASM
Press, Washington, D.C., USA, 2005. http://www.ecosal.org.

163. G. M. Santangelo. Glucose signaling in Saccharomyces cerevisiae. Microbiol Mol
Biol Rev, 70(1):253�282, 2006.

164. P. Sanz. Yeast as a model system to study glucose-mediated signalling and response.
Front Biosci, 12:2358�71. Epub: 2007 Jan 01, 2007.

165. S. Sato, T. Soga, T. Nishioka, and M. Tomita. Simultaneous determination of the
main metabolites in rice leaves using capillary electrophoresis mass spectrometry
and capillary electrophoresis diode array detection. Plant J, 40(1):151�163, 2004.

166. U. Sauer. High-throughput phenomics: Experimental methods for mapping �ux-
omes. Curr Opin Biotechnol, 15(1):58�63, 2004.

167. U. Sauer. Metabolic networks in motion: 13C-based �ux analysis. Mol Syst Biol,
2:62, 2006.

168. J. Schaub, C. Schiesling, M. Reuss, and M. Dauner. Integrated sampling procedure
for metabolome analysis. Biotechnol Progr, 22(5):1434�42, 2006.

169. C. H. Schilling, M. W. Covert, I. Famili, G. M. Church, J. S. Edwards, and B. Ø.
Palsson. Genome-scale metabolic model of Helicobacter pylori 26695. J Bacteriol,
184(16):4582�4593, 2002.

170. T. Schlösser, C. Gätgens, U. Weber, and K.-P. Stahmann. Alanine:glyoxylate
aminotransferase of Saccharomyces cerevisiae-encoding gene AGX 1 and metabolic
signi�cance. Yeast, 21:63�73, 2004.

171. S. Schuster, T. Dandekar, and D. A. Fell. Detection of elementary �ux modes
in biochemical networks: A promising tool for pathway analysis and metabolic
engineering. Trends Biotechnol, 17(2):53�60, 1999.

172. S. Schuster, D. A. Fell, and T. Dandekar. A general de�nition of metabolic pathways
useful for systematic organization and analysis of complex metabolic networks. Nat
Biotechnol, 18(3):326�332, 2000.

173. R. Schütz, L. Küpfer, and U. Sauer. Systematic evaluation of objective functions
for predicting intracellular �uxes in Escherichia coli. Mol Syst Biol, 3:119, 2007.

174. J. M. Schuurmans, A. Boorsma, R. Lascaris, K. J. Hellingwerf, and M. J. Teixeira de
Mattos. Physiological and transcriptional characterization of Saccharomyces cere-
visiae strains with modi�ed expression of catabolic regulators. FEMS Yeast Res,
2007.

144



References

175. D. Segre, J. Zucker, J. Katz, X. Lin, P. D'Haeseleer, W.P. Rindone, P. Kharchenko,
D.H. Nguyen, M.A. Wright, and G. M. Church. From annotated genomes to
metabolic �ux models and kinetic parameter �tting. OMICS, 7(3):301�316, 2003.

176. SGDproject. Saccharomyces genome database, http://www.yeastgenome.org/.
177. T. Shimamoto, K. Inaba, P. Thelen, T. Ishikawa, E. B. Goldberg, M. Tsuda, and

T. Tsuchiya. The nhaB Na+/H+ antiporter is essential for intracellular pH reg-
ulation under alkaline conditions in Escherichia coli. J Biochem, 116(2):285�290,
1994.

178. K. Smallbone, E. Simeonidis, D. S. Broomhead, and D. B. Kell. Something from
nothing: Bridging the gap between constraint-based and kinetic modelling. FEBS
J, 274(21):5576�85, 2007.

179. J. C. Smith and D. Figeys. Proteomics technology in systems biology. Mol Biosyst,
2(8):364�70, 2006.

180. H. Steen and M. Mann. The ABC's (and XYZ's) of peptide sequencing. Nat Rev
Mol Cell Biol, 5(9):699�711, 2004.

181. J. Stelling. Mathematical models in microbial systems biology. Curr Opin Micro-
biol, 7(5):513�518, 2004.

182. G. Stephanopoulos, A.A. Aristidou, and J. Nielsen. Metabolic Engineering Princi-
ples and Methodologies. Academic Press, 1998.

183. M. Stitt and A. R Fernie. From measurements of metabolites to metabolomics: An
on the �y perspective illustrated by recent studies of carbon-nitrogen interactions.
Curr Opin Biotechnol, 14(2):136�144, 2003.

184. UCSD Systems Biology Research Group. In silico organisms,
http://gcrg.ucsd.edu/In_Silico_Organisms.

185. M. C. Teixeira, P. Monteiro, P. Jain, S. Tenreiro, A. R. Fernandes, N. P. Mira,
M. Alenquer, A. T. Freitas, A. L. Oliveira, and I. Sa-Correia. The YEASTRACT
database: A tool for the analysis of transcription regulatory associations in Sac-
charomyces cerevisiae. Nucleic Acids Res, 34(Database issue):D446�51, 2006.

186. Y. B. Tewari, A. R. Hawkins, H. K. Lamb, and R. N. Goldberg. A ther-
modynamic study of the reactions: 2-dehydro-3-deoxy-D-arabino-heptanoate 7-
phosphate(aq) = 3-dehydroquinate(aq) + phosphate(aq) and 3-dehydroquinate(aq)
= 3-dehydroshikimate(aq) + H2O(1). J Chem Thermodyn, 34(10):1671�1691, 2002.

187. Y. B. Tewari, N. Kishore, R. Bauerle, W. R. LaCourse, and R. N.
Goldberg. Thermochemistry of the reaction phosphoenolpyruvate(aq) + D-
erythrose 4-phosphate(aq) + H2O(l) = 2-dehydro-3-deoxy-D-arabino-heptonate 7-
phosphate(aq) + phosphate(aq). J Chem Thermodyn, 33(12):1791�1805, 2001.

145



References

188. U. Theobald, W. Mailinger, M. Baltes, M. Rizzi, and M. Reuss. In vivo analysis
of metabolic dynamics in Saccharomyces cerevisiae. 1. experimental observations.
Biotechnol Bioeng, 55(2):305�316, 1997.

189. J. M. Thevelein and J. H. de Winde. Novel sensing mechanisms and targets for
the cAMP-protein kinase A pathway in the yeast Saccharomyces cerevisiae. Mol
Microbiol, 33(5):904�918, 1999.

190. UNIJena. Metatool 5.0, http://pinguin.biologie.uni-
jena.de/bioinformatik/networks/.

191. L. Valenzuela, P. Ballario, C. Aranda, P. Filetici, and A. Gonzalez. Regulation
of expression of GLT1, the gene encoding glutamate synthase in Saccharomyces
cerevisiae. J Bacteriol, 180(14):3533�40, 1998.

192. M. A. van den Berg and H. Y. Steensma. ACS2, a Saccharomyces cerevisiae gene
encoding acetyl-coenzyme A synthetase, essential for growth on glucose. Eur J
Biochem, 231(3):704�13, 1995.

193. M. J. van der Werf, R. H. Jellema, and T. Hankemeier. Microbial metabolomics:
Replacing trial-and-error by the unbiased selection and ranking of targets. J Ind
Microbiol Biotechnol, 32:234�252, 2005.

194. J. P. van Dijken, J. Bauer, L. Brambilla, P. Duboc, J. M. Francois, C. Gancedo,
M. L. Giuseppin, J. J. Heijnen, M. Hoare, H. C. Lange, E. A. Madden, P. Nieder-
berger, J. Nielsen, J. L. Parrou, T. Petit, D. Porro, M. Reuss, N. van Riel, M. Rizzi,
H. Y. Steensma, C. T. Verrips, J. Vindelov, and J. T. Pronk. An interlaboratory
comparison of physiological and genetic properties of four Saccharomyces cerevisiae
strains. Enz Microb Technol, 26(9-10):706�714, 2000.

195. W. A. van Winden, J. C. van Dam, C. Ras, R. J. Kleijn, J. L. Vinke, W. M.
van Gulik, and J. J. Heijnen. Metabolic-�ux analysis of Saccharomyces cerevisiae
CEN.PK113-7D based on mass isotopomer measurements of 13C-labeled primary
metabolites. FEMS Yeast Res, 5(6-7):559�68, 2005.

196. M. Vanhalewyn, F. Dumortier, G. Debast, S. Colombo, P. Ma, J. Winderickx,
P. Van Dijck, and J. M. Thevelein. A mutation in Saccharomyces cerevisiae adeny-
late cyclase, Cyr1K1876M, speci�cally a�ects glucose- and acidi�cation-induced
cAMP signalling and not the basal cAMP level. Mol Microbiol, 33(2):363�76,
1999.

197. C. Verduyn, E. Postma, W. A. Sche�ers, and J. P. Van Dijken. E�ect of benzoic
acid on metabolic �uxes in yeasts: A continuous-culture study on the regulation of
respiration and alcoholic fermentation. Yeast, 8(7):501�17, 1992.

198. D. Visser, J. W. Schmid, K. Mauch, M. Reuss, and J. J. Heijnen. Optimal re-design
of primary metabolism in Escherichia coli using linlog kinetics. Metab Eng, 6(4):
378�390, 2004.

146



References

199. T. Voets, G. Droogmans, G. Raskin, J. Eggermont, and B. Nilius. Reduced in-
tracellular ionic strength as the initial trigger for activation of endothelial volume-
regulated anion channels. Proc Natl Acad Sci U S A, 96(9):5298�303, 1999.

200. E. O. Voit, S. Marino, and R. Lall. Challenges for the identi�cation of biological
systems from in vivo time series data. In Silico Biol, 5(2):83�92, 2005.

201. V. K. Vyas, S. Kuchin, and M. Carlson. Interaction of the repressors Nrg1 and
Nrg2 with the Snf1 protein kinase in Saccharomyces cerevisiae. Genetics, 158(2):
563�72, 2001.

202. L. Q. Wang, I. Birol, and V. Hatzimanikatis. Metabolic control analysis under
uncertainty: Framework development and case studies. Biophys J, 87(6):3750�
3763, 2004.

203. Y. Wang, M. Pierce, L. Schneper, C. G. Güldal, X. Zhang, S. Tavazoie, and J. R.
Broach. Ras and Gpa2 mediate one branch of a redundant glucose signaling path-
way in yeast. PLoS Biol, 2(5):E128. Epub: 2004 May 11, 2004.

204. W. Weckwerth and K. Morgenthal. Metabolomics: From pattern recognition to
biological interpretation. Drug Discov Today, 10(22):1551�8, 2005.

205. S. L. Westergaard, A. P. Oliveira, C. Bro, L. Olsson, and J. Nielsen. A systems
biology approach to study glucose repression in the yeast Saccharomyces cerevisiae.
Biotechnol Bioeng, 96(1):134�145, 2006.

206. W. Wiechert. 13C metabolic �ux analysis. Metab Eng, 3(3):195�206, 2001.
207. W. Wiechert and K. Noh. From stationary to instationary metabolic �ux analysis.

Adv Biochem Eng Biotechnol, 92:145�72, 2005.
208. F. Winston, C. Dollard, and S. L. Ricupero-Hovasse. Construction of a set of

convenient Saccharomyces cerevisiae strains that are isogenic to S288C. Yeast, 11
(1):53�5, 1995.

209. L. Wu, M. R. Mashego, A. M. Proell, J. L. Vinke, C. Ras, J. van Dam, W. A.
van Winden, W. M. van Gulik, and J. J. Heijnen. In vivo kinetics of primary
metabolism in Saccharomyces cerevisiae studied through prolonged chemostat cul-
tivation. Metab Eng, 8(2):160�71. Epub: 2005 Oct 17, 2006.

210. L. Wu, M. R. Mashego, J. C. van Dam, A. M. Proell, J. L. Vinke, C. Ras, W. A. van
Winden, W. M. van Gulik, and J. J. Heijnen. Quantitative analysis of the microbial
metabolome by isotope dilution mass spectrometry using uniformly 13C-labeled cell
extracts as internal standards. Anal Biochem, 336(2):164�171, 2005.

211. F. Yang, H. Qian, and D. A. Beard. Ab initio prediction of thermodynamically
feasible reaction directions from biochemical network stoichiometry. Metab Eng, 7
(4):251�259, 2005.

147



References

212. N. Zamboni, E. Fischer, and U. Sauer. FiatFlux - a software for metabolic �ux
analysis from 13C-glucose experiments. BMC Bioinformatics, 6:209, 2005.

213. N. Zamboni, A. Kümmel, and M. Heinemann. anNET: A tool for network-
embedded thermodynamic analysis of quantitative metabolome data. BMC Bioin-
formatics, 9:199, 2008.

214. O. Zaragoza, C. Lindley, and J. M. Gancedo. Cyclic AMP can decrease expression
of genes subject to catabolite repression in Saccharomyces cerevisiae. J Bacteriol,
181(8):2640�2, 1999.

215. H. Zhou and F. Winston. NRG1 is required for glucose repression of the SUC2
and GAL genes of Saccharomyces cerevisiae. BMC Genet, 2:5, 2001.

148



List of Publications

Peer-reviewed Articles
Zamboni N., Kümmel A., Heinemann M.
anNET: a tool for network-embedded thermodynamic analysis of quantita-
tive metabolome data
BMC Bioinformatics 9:199, 2008.
Kümmel A., Panke S., Heinemann M.
Systematic assignment of thermodynamic constraints in metabolic network
models
BMC Bioinformatics 7:512, 2006.
Kümmel A., Panke S., Heinemann M.
Putative regulatory sites unraveled by network-embedded thermodynamic
analysis of metabolome data
Molecular Systems Biology 2, 2006, doi:10.1038/msb4100074
(featured as 'News & Views' in Molecular Systems Biology by S. van Dien and C. H.
Schilling, doi:10.1038/msb4100078)
Heinemann M., Kümmel A., Ruinatscha R., Panke S.
In silico genome-scale reconstruction and validation of the Staphylococcus
aureus metabolic network
Biotechnology and Bioengineering 92(7): 850-864, 2005.
Heinemann M., Kümmel A., Giesen R., Ansorge-Schumacher M. B., Büchs J.
Experimental and theoretical analysis of phase equilibria in a two-phase sys-
tem used for biocatalyzed esteri�cations
Biocatalysis and Biotransformation 21(3): 115-121, 2003.

Oral Presentations at Conferences
Kümmel A., Heinemann M.
Putative regulatory sites unraveled by network-embedded thermodynamic
analysis of metabolome data
1st YSBN Workshop, Vienna, Austria, 16.-18.11.2006.

149



References

Poster Presentations at Conferences
Kümmel A., Ewald J., Zamboni N., Heinemann M.
Elucidating compartmentalized �ux direction patterns in yeast
8th International Conference on Systems Biology, Long Beach, 03.-05.10.2007.
Kümmel A., Heinemann H., Zamboni N.
anNET: a tool for quality check and integrated analysis of metabolome
datasets
Metabolomics Society 3rd Annual Conference, Manchester, 11.-14.06.2007.
Kümmel A., Panke S., Heinemann M.
Putative regulatory sites unraveled by network-embedded thermodynamic
analysis of metabolome data
6th D-BIOL Symposium ETH, Davos, 24.-26.05.2006
Kümmel A., Panke S., Heinemann M.
Model-based integration of metabolome and �uxome data by network-
constraint thermodynamic analysis
1st International Symposium on Biothermodynamics, Frankfurt, 16.-17.02.2006.
Kümmel A., Schümperli M., Heinemann M., Panke S.
Design of a system of biotransformations by means of stoichiometric network
analysis
12th European Congress on Biotechnology, Copenhagen, Denmark, 21.-24.08.2005.
Kümmel A., Heinemann M., Büchs J., Meinberg H., Göke V.
Model-based experimental analysis of the di�usive masstransfer of butanol
in hydrogel beads
Workshop SFB540/SPP1105, Aachen, 11. - 12.06.2003

Non-reviewed Articles
Panke S., Kümmel A., Schümperli M., Heinemann M.
Industrial multi-step biotransformations
Chimica Oggi - Chemistry Today, September: 23-26, 2004.

150



Curriculum Vitae

Anne Maria Rita Kümmel

Date/place of birth: 07/18/1977/Höxter, Germany Regensbergstr. 38
Citizenship: German 8050 Zürich
Sex: Female Phone: +41 44 2550873

Email: anne.kuemmel@gmx.ch

Education
since 03/08 Post-Doctoral Researcher; Novartis Pharma AG, Basel; Multivariate

Data Analysis for High-content Screening
03/04 - 03/08 PhD studies, Institute of Process Engineering (Bioprocess Labora-

tory, 03/04 - 03/06) and the Institute of Molecular Systems Biology
(since 04/06 - 03/08), ETH Zurich, Model-based and Experimental
Approaches for Understanding Microbial Metabolism at Systems Level
supervised by Dr. M. Heinemann

10/97 - 10/03 Diplom-Ingenieur (M.Sc. in Mechanical Engineering) RWTH Aachen
(majoring biochemical engineering) Diploma thesis: Model-based Ex-
perimental Analysis of Di�usion in Hydrogels Based on Raman Spec-
troscopy supervised by M. Heinemann Grade: 1.3 (very good)

• 1st study thesis at the Department of Biochemical Engineering:
Development of a Fluorescence Measuring System to Determine
the Distribution of Fluid in Shaking Flasks

• 2nd study thesis at the Helmholtz-Institute for Biomedical Tech-
nologies: Blood Trauma by Time Variable Fluid Tension: Mod-
ular Charge Concept and Systematic Experimental Design

08/00 - 05/01 Abroad study at the KTH, Stockholm; Erasmus scholarship
08/88 - 06/97 Secondary school: Gymnasium Brede, Brakel; Graduation: Abitur

(university entrance quali�cation): Grade 1.3 (very good)

151



References

Work Experiences
Internships BASF AG, Ludwigshafen: unit operations in biosepara-

tion (10/02 - 12/02)
Student research assistance Department of Biochemical Engineering: modelling of

phase equilibria (10/01 - 06/02) and measurement of
oxygen transfer rates (06/99 - 12/99)
Institute for Machine Elements and Machine Design: tu-
tor for course exercises (05/00 - 07/00)

Skills
Experimental techniques Fermentation technique; Culturing of yeast; Sampling for

proteome and metabolome analyses
Computational techniques Computational �ux analysis; Optimization and parame-

ter estimation; Dynamic modelling
Languages German (mother tongue); English (�uent); Swedisch

(good)
EDV Software: Matlab, Microsoft O�ce, gPROMS, Origin,

Corel Draw, LaTeX; OS: Microsoft Windows, Linux

Additional Experiences and Interests
Organization and leading of scout youth groups
Marathon (Stockholm 2001, Cologne 2001, Berlin 2003, Münster 2004, Vienna 2005,
Zurich 2006, Prague 2007, Hamburg 2008)
Outdoor activities (Climbing, Hiking, Cycling)

152


