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Abstract

One of the most obvious phenotypes of a cell is its metabolic activity, which is defined by the fluxes in the metabolic
network. Although experimental methods to determine intracellular fluxes are well established, only a limited number of
fluxes can be resolved. Especially in eukaryotes such as yeast, compartmentalization and the existence of many parallel
routes render exact flux analysis impossible using current methods. To gain more insight into the metabolic operation of S.
cerevisiae we developed a new computational approach where we characterize the flux solution space by determining
elementary flux modes (EFMs) that are subsequently classified as thermodynamically feasible or infeasible on the basis of
experimental metabolome data. This allows us to provably rule out the contribution of certain EFMs to the in vivo flux
distribution. From the 71 million EFMs in a medium size metabolic network of S. cerevisiae, we classified 54% as
thermodynamically feasible. By comparing the thermodynamically feasible and infeasible EFMs, we could identify reaction
combinations that span the cytosol and mitochondrion and, as a system, cannot operate under the investigated glucose
batch conditions. Besides conclusions on single reactions, we found that thermodynamic constraints prevent the import of
redox cofactor equivalents into the mitochondrion due to limits on compartmental cofactor concentrations. Our novel
approach of incorporating quantitative metabolite concentrations into the analysis of the space of all stoichiometrically
feasible flux distributions allows generating new insights into the system-level operation of the intracellular fluxes without
making assumptions on metabolic objectives of the cell.
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Introduction

Metabolic fluxes give immediate insights into the metabolism of a
cell [1,2]. Metabolic flux analysis has proven to be useful, for
example for the determination of enzyme functions [3], for the
identification of regulatory mechanisms in response to environ-
mental perturbations [4], or as a tool in metabolic engineering [5].
The most common method to quantify metabolic fluxes uses *C
labeled substrates, and the measured label distribution in intracel-
lular metabolites is interpreted together with measured uptake and
production rates by means of a metabolic network model [6].

Despite successful quantification of fluxes with 3C flux analysis
in different conditions, the method has several limitations. For
example, it is limited to the main branches in central carbon
metabolism and fluxes cannot be resolved per compartment [7],
despite compartmentation being a highly relevant aspect of
cukaryotes [8]. Moreover, today’s *C flux analysis rests on a
number of a priori assumptions, e.g. on reaction reversibilities or
on relevant parts of the network [7,9].

To improve flux quantification, we need additional constraints
on the possible flux distributions in a metabolic network. In
stoichiometric network analysis, the metabolic network is modeled
as a collection of biochemical reactions where all internal
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metabolite concentrations are assumed constant [10]. Next to
the typical constraints, such as uptake and excretion rates, reaction
reversibilities and maximum flux capacities, the field recently
began to incorporate thermodynamic information, whereby
statements on feasibility of reaction fluxes or flux distributions
can be made based on calculation of changes in Gibbs energy
using metabolite concentrations [11-13]. For example, using flux
balance analysis (FBA) and related approaches, metabolite
concentrations were used as additional constraints to predict
fluxes in the non-compartmentalized organism F. colz [14,15] or in
a model of liver metabolism [16].

Here, we develop a novel approach to integrate metabolite data
into metabolic network flux analysis, to get additional insight into
the compartmentalized flux physiology of Saccharomyces cerevisiae.
The method combines network embedded thermodynamic (NET)
analysis [12], elementary flux mode (EFM) analysis [17-19], and
experimentally determined metabolome data. We employ EFM
analysis instead of flux balance analysis because the collection of
the generated flux modes can yield insight into all feasible flux
distributions, as compared to the single thermodynamically
feasible flux solution that is obtained with thermodynamically
constrained FBA. Additionally, assumptions on a metabolic
objective function of the cell are not required.
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Author Summary

Fluxes in metabolic pathways are a highly informative
aspect of an organism’s phenotype. The experimental
determination of such fluxes is well established and has
proven very useful. To address some of the limitations of
experimental flux analysis, such as when the cell is divided
in multiple compartments, stoichiometric modeling pro-
vides a valuable addition. The approach that we take is
based on stoichiometric modeling where we consider the
thermodynamic feasibility of many different possible
routes through the metabolic network of Saccharomyces
cerevisiae using experimentally determined metabolite
concentrations. We show that next to conclusions on
single biochemical reactions in the metabolic network, we
obtain system-level insights on thermodynamically infea-
sible flux patterns. We found that the compartmental
concentrations of NAD ™ and NADH are the causes for the
system-level infeasibilities. With the current advances in
quantitative metabolomics and biochemical thermody-
namics, we envision that the presented method will help
gaining more insight into complex metabolic systems.

Our new approach to analyze the compartmentalized central
metabolic network of §. cerevisiae using quantitative metabolite
data acquired under glucose batch growth conditions allowed us
to generate novel insight into the system-level causalities
underlying the intercompartmental redox metabolism. Specifi-
cally we show that the NAD ™ and NADH concentrations in the
cytosol and the mitochondrion do not allow for the ethanol-
acetaldehyde redox shuttle to be active under the investigated
condition. Further, we identified a number of maximal reaction
activities that could be used as constraints for 3C flux analysis or
FBA. We envision that our method becomes a useful tool to
unravel system-level insights about a complex metabolic system
from metabolome data.

Results

Our approach uses elementary flux modes (EFMs) to describe
metabolic flux distributions. The concept of EFMs is well known
for stoichiometric network analysis, and it provides a way to
explore the flux solution space of a metabolic network that is
commonly addressed with flux balance analysis (FBA). With all the
EFMs of a metabolic network, any stoichiometrically possible flux
distribution can be obtained by a non-negative linear combination
of the EFMs [20]. Since we want to evaluate only thermodynam-
ically feasible flux distributions, we demonstrate, as a first step
towards the development of our approach, a new property of
EFMs, which is that every thermodynamically feasible flux
distribution is a non-negative linear combination of thermody-
namically feasible EFMs.

All thermodynamically feasible flux distributions can be
generated by the set of thermodynamically feasible EFMs

The mass balanced flux solution space of a stoichiometric
metabolic network can be described with a non-negative linear
combination of its EFMs:

y= Zocie,» where o; >0, (1)

where any flux distribution v is a sum of EFMs e; with coefficients
o

@ PLoS Computational Biology | www.ploscompbiol.org

System-Level Insights from Thermodynamics and EFMs

As we show in the proof provided in Text S1, a thermody-
namically feasible flux distribution only consists of thermodynam-
ically feasible EFMs:

Vfeas = Z o;e; where o; >0, (2)

iefeas

where the thermodynamically feasible flux distribution vres is only
composed of EFMs from the feasible set, i € feas.

The mathematical proof demonstrates that by eliminating
infeasible EFMs we do not loose feasible flux distributions, because
any feasible flux distribution can be composed of only feasible
EFMs. Specifically, in the hypothetical case that an infeasible EFM
is part of a feasible flux distribution it must involve a cancellation
or directionality change of a specific reversible reaction. In this
case, the flux distribution can be decomposed into one or more
feasible EFMs, and a feasible combination of an infeasible EFM
with another EFM. The combination of the infeasible EFM and
another EFM must then be either a feasible EFM by itself, or it
must be possible to achieve the feasible combination by other
feasible EFMs. Hence, Eq. (2) allows us to exclude thermody-
namically infeasible EFMs from the complete set of EFMs without
excluding thermodynamically feasible flux distributions. It is
important to note that the resulting flux solution space defined
by the feasible EFMs can still contain infeasible flux solutions
because it is possible that the combination of multiple feasible
EFMs leads to an infeasible flux distribution.

From network stoichiometry to EFMs and

thermodynamic classification

Exploiting that EFMs allow us to exclude thermodynamically
infeasible EFMs, we aimed at developing an approach to generate
novel insights into the complex flux physiology of the central
metabolism of the yeast S. cerevisiae. Therefore, we assembled a 230
reaction stoichiometric network of its central carbon metabolism
and amino acid synthesis pathways (cf. Materials and Methods)
encompassing the cytosolic and mitochondrial compartments and
many parallel pathways. With our approach we aim to obtain
additional insight into the metabolic network operation, therefore
we build upon current knowledge by defining the reversibilities in
our model as they are defined in the original model [21].

First, we needed to calculate all EFMs. As the EFM calculation
is computationally demanding, we initially applied steps to
constrain the mass-balanced solution space as much as possible
upfront, before we started enumerating EFMs (Fig. 1). Thus, in a
first step, we performed flux variability analysis (FVA) [22] on the
basis of the measured uptake and production rates of external
compounds and biomass, to determine the reversibility of each
reaction under the investigated physiological conditions, that is, for
growth on glucose. From FVA, we obtain a minimum and
maximum achievable flux for each reaction. A reaction is
reversible if both a negative and positive flux can be achieved,
else it is unidirectional. Reactions that have a minimum and
maximum flux that are either positive or negative, and cannot be
Inactive, are reactions that are always active in the respective
direction. Using this approach, we could classify 67 initially
reversible reactions as unidirectional (Fig. 2, Dataset S1).

Next, we employed measured metabolite concentrations from
glucose batch cultures, and NET analysis to identify additional
reaction irreversibilities [12,23]. For the metabolite data, we
assembled published and unpublished data from glucose batch
experiments, and generated a consensus data set to define lower
and upper concentration limits for 55 metabolites (see Materials
and Methods and Dataset S2). For NET analysis, we used the

March 2012 | Volume 8 | Issue 3 | 1002415



Physiological data Metabolic network

Glucase
128

» FVA

Pyruvate, Glyceral
i o7 i

Ethanol. uccinate
348 0.0

Reaction
activities from
[mass balances|

Metabolite data NET

» analysis

Reversibilities
from NET
analysis
EFM

generation

Acetate CO,
13 218

1
ALCDZm o
MDHm 1
MDH o

N ET ALCD2x 1
- Pizm 1
analysis omkzn 3
MALtm 0

ETOHtm 1
ACALDtm 1

Thermodynamically
feasible EFMs

ALCD2m 0
MDHm 1

2
0
0
MDHO 1

ALCDZx 1 0
PltZm 1 1

OAAZmM 1 1

0
]
]

MALIm 0
ETOHtm 1
ACALDUM 1

Elementary Flux Modes
(EFMs)

comrcor~ow
R moRORG D
mhercocoo®

5
1
1
]
1
0
1
0
]
1

ComomOO~m

Figure 1. Overview of procedure to identify thermodynamical-
ly feasible EFMs. We use a metabolic network model of S. cerevisiae
together with physiological data (e.g., growth rate, glucose uptake,
ethanol production) in flux variability analysis (FVA) to determine
reaction reversibilities and reaction activities for the specific conditions.
Subsequently, we apply NET analysis to determine additional reaction
direction constraints based on the activities of reactions that are active
for all flux distributions. With the resulting condition specific reaction
directionalities, we calculate all the EFMs for the metabolic network.
Finally, we use quantitative metabolite data to test the reaction
activities of each EFM for thermodynamic feasibility.
doi:10.1371/journal.pcbi.1002415.g001

reaction activities inferred from FVA. With the consensus
metabolite data set, we obtained constraints on the reversibility
of three additional reactions (see Fig. 2). Another iteration of FVA
and NET analysis with the obtained constraints as input did not
yield any further constraints.

For the obtained condition-specific constrained metabolic
network, we computed the EFMs and obtained 71.266.960 EFMs.
Using NET analysis and the consensus metabolite data set, we
classified 38.420.207 (54%) EFMs as feasible and 32.846.753
(46%) EFMs as infeasible. Assuming that the flux solution space in
the metabolic network of an organism can be approximated by the
number of EFMs, our result shows that roughly at most half of the
solution space is thermodynamically feasible.

From EFMs to flux insight

With the finding that 54% of all the EFMs are thermodynam-
ically feasible we reduced the number of EFMs that can constitute
a thermodynamically feasible flux distribution considerably. In a
first analysis step towards generating insights into the flux
distribution, we searched the feasible EFM set for reactions that
only use a subset of the possible reaction directions compared to
the complete set of EFMs. For each reaction in each EFM we
determined whether a backward, inactive or forward reaction
activity was used. Then, the possible reaction activities for each
reaction were compared between the complete set of EFMs and
the feasible set of EFMs.

Here, we found that the oxaloacetate transport from the
mitochondrion to the cytosol is never used in an EFM of the
feasible set, meaning that it has to be inactive under the
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Figure 2. Overview of the main reactions in the metabolic
model of S. cerevisiae. The shaded area indicates the mitochondrion.
The colors of the directed arrows indicate from which information a
constraint was added. The blue cross indicates the oxaloacetate
transported that is predicted to be inactive after analyzing the
thermodynamically feasible EFMs. For a list of metabolite names see
Dataset S2.

doi:10.1371/journal.pcbi.1002415.9002

mvestigated growth condition. Indeed, we find no contradicting
evidence for the prediction when comparing with the experimental
observation that a knock-out of the corresponding gene OACI,
whose translated protein is responsible for the respective
oxaloacetate transport reaction, does not have an effect on growth
rate under glucose batch conditions [24,25]. Further, as we found
that all EFMs with acetaldehyde transport out of the mitochon-
drion are infeasible, we conclude that during growth on glucose,
acetaldehyde can only be transported info the mitochondrion. It is
mmportant to note that the EFMs with active oxaloacetate
transport, or acetaldehyde transport out of the mitochondrion,
are not infeasible because of the metabolite concentration
constraints on the respective single reaction only, since single
reaction infeasibilities are removed in the first NET analysis step
before EFM generation (see Iig. 1). Instead, as we will show later,
the infeasibility is the result of a system of coupled reaction
activities, where all individual reactions need to be thermody-
namically feasible simultaneously.

Next, we wanted to test whether the feasible set of EFMs differs
from the infeasible set in terms of reaction rates. Such a
comparison is possible by normalizing the reaction rates in each

EFM to the glucose uptake rate of the EFM (all EFMs have
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glucose uptake, EFMs without glucose uptake are internal cycles
and they were removed because they are physiologically
meaningless [26]). Principal component analysis (PCA) of the
normalized EFMs shows a clear difference between the feasible
and infeasible EFMs in principal component 2 (PC 2 in Fig. 3).
The reactions with the highest loadings in this component are
alcohol dehydrogenase in both the cytosol and the mitochondrion
(ALCD2x, ALCD2m) and acetaldehyde and ethanol transport to
the mitochondrion (ACALDtm, ETOHtm), and these reactions
are likely involved in causing thermodynamic infeasibilities. Note,
that although there is a separation between feasible and infeasible
EFMs because there are no feasible EFMs in the center of the
graph, by combination of feasible EFM:s it could still be possible to
obtain a feasible flux distribution that would be projected in this
area of the PCA. Therefore, the loadings of PCl are not
considered.

Next, we searched for the highest and lowest rate of each
reaction in the complete set of EFMs and in the feasible set of
EFMs to define the flux ranges that can be achieved in terms of
flux per unit of glucose uptake. Any flux value in this range can in
principle be achieved through a combination of EFMs. When
comparing the flux ranges that can be realized by the feasible
EFMs with the flux ranges of the complete set of EFMs, we find
that eight reactions cannot assume the full range for thermody-
namic reasons (see Fig. 4), with four of these reactions already
having shown high loadings in the second principal component
(see Fig. 3). These quantitative flux constraints result from
metabolite concentrations and thermodynamics, and can be
applied as constraints in flux balance analysis.

Causes for infeasibility. Next, we aimed to identify the
causes for the infeasibility of EFMs. In general, the infeasibility of
an EFM is caused by a combination of multiple reaction activities
that conflict with the metabolite concentrations due to
thermodynamics. We refer to these infeasible combinations of

0.8

¢ Infeasible
0.6l Feasible

0.4

0.2r

PC 2
e

0. - - - - - -
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Figure 3. Principal component analysis on normalized EFMs
represented in a matrix with each EFM as a sample and each
reaction as a variable. All reaction rates are normalized to the
glucose uptake rate of the respective EFM. The projection of the data
(dots) for principal components one and two (PC 1 and PC 2), and the
coefficients of the highest loadings in component 2 (labeled vectors)
are shown. The reactions with highest loadings in PC 2 are likely to be
involved in the causes for infeasibility of EFMs. One million EFMs were
sampled to perform the PCA, multiple repeats with random sampling
gave similar results.

doi:10.1371/journal.pcbi.1002415.g003
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growth on glucose. The dark shaded bars show the possible flux
range obtained from all EFMs, while the light shaded bars show the
ranges that are obtained from the feasible EFMs. In the reaction
formulas the [c] and [m] indicate that the metabolite or overall reaction
occur in the cytosol or mitochondrion, respectively. Abbreviations:
acald (acetaldehyde), etoh (ethanol), mal-L (malic acid), pi (phosphate),
h (proton), nad (NAD™), nadh (NADH), oaa (oxaloacetic acid).
doi:10.1371/journal.pcbi.1002415.9004

reaction activities as patterns. It is interesting to determine such
patterns as they subsequently allow biological interpretation.

All identified six patterns involve one of the two earlier
mentioned transport reactions (mitochondrial oxaloacetate and
acetaldehyde transport) (see Fig. 5). The inactivity of oxaloacetate
transport is due to the infeasibility of patterns 1 and 4. In pattern 2
and 3, we find that a part of the pattern is the ethanol-
acetaldehyde redox shuttle, which “transports” NADH from the
cytoplasm into the mitochondrion. This means that under the
mvestigated glucose batch conditions, a flux distribution with an
active ethanol-acetaldehyde redox shuttle is thermodynamically
infeasible when operating together with either triosephosphate
isomerase (TPI) and glyceraldehyde-3-phosphate dehydrogenase
(GAPD) or phosphoglycerate dehydrogenase (PGCD) in the
directions as we expect them to occur during growth on glucose
as the sole carbon source (Fig. 5). The ethanol-acetaldehyde redox
shuttle itself (i.e., only the combination of the activities of the
mitochondrial and cytosolic alcohol dehydrogenases and the
transporters) is feasible. However, it always occurs in EFMs in
combination with the activities of either the TPI and GAPD or
PGCD reactions, which makes the EFM as a system infeasible.
The biological meaning of the system-level constraints of patterns
2 and 3 corresponds well with what is known about yeast
metabolism in glucose batch growth where glucose is mainly
converted to ethanol. Thus, the NADH produced in the
conversion of glyceraldehyde-3-phosphate to 1,3-biphosphoglyce-
rate, is re-oxidized again to NADT in the conversion of
acetaldehyde to ethanol [27].

The identified patterns can also be used as possible constraints
in FBA approaches. To confirm whether using such a constraint
would be of value, we checked for the presence of the patterns in
FBA predictions. Interestingly, it turns out that the identified
infeasible flux patterns do not occur in FBA-predicted flux
distributions using the objective function “maximization of the
ratio of ATP production over the sum of squared fluxes” that was
identified to be suitable for glucose batch conditions [28]. In
contrast, FBA solutions obtained with the objective functions
maximization of ATP production [29], which was found to be
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doi:10.1371/journal.pcbi.1002415.g005

suitable for glucose growth in a chemostat, and maximization of
biomass production do contradict the patterns (see Text S2).

Thermodynamic constraints in redox metabo-
Strikingly, all the patterns in Fig. 5 involve NAD(H)
consuming/producing reactions in both the cytosol and the
mitochondrion, which may point to infeasibilities in redox
reactions. Therefore, we can ask, what makes the patterns in
Fig. 5, and specifically the ethanol-acetaldehyde redox shuttle,
infeasible, and what effect does this have on redox metabolism?

To address this question, we analyzed the individual metabolite
concentration constraints by releasing one concentration con-
straint at a time. We found that the concentrations of NAD ™ and
NADH in both the cytosol and the mitochondrion cannot have
values that agree with both the metabolite data and the
directionality constraints. For example, for pattern 3 to satisfy
the reaction direction constraints the required NADH concentra-
tion in the cytosol needs to be low (between 0.1 pM and
0.13 mM), while according to the concentration data constraints
the concentration needs to be between 0.23 mM and 1.6 mM. It is
important to note that the constraints on compartmental
concentrations are obtained by only constraining the sum of
metabolites that occur in multiple compartments, thereby leaving
the compartmental distribution of such metabolites free.

To find out how the applied thermodynamic constraints affect
redox metabolism we analyzed all reactions involved in NADH
redox metabolism in more detail. Yeast has multiple ways to
oxidize NADH and to pass the electrons to the electron transport

lism.
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chain, both in the cytosol and the mitochondrion [30]. In the
cytosol, the mitochondrial membrane bound external NADH
dehydrogenase 1 and 2 complex (Ndelp/Nde2p), and the system
involving glycerol-3-phosphate dehydrogenases (Gut2p, Gpdlp/
Gpd2p), are mainly responsible for oxidation of NADH [31]. In
the mitochondrion, NADH is oxidized by the internal NADH
dehydrogenase (Ndilp) [32]. Although yeast has a transporter that
allows transport of de novo synthesized NADT into the
mitochondrion, transport of NADH between the cytosol and the
mitochondrion does not occur [33]. Therefore, NADH is either
oxidized in the compartment where it was produced, or it is
transported through a shuttle mechanism, such as the ethanol-
acetaldehyde redox shuttle [27,34]. It is generally unclear what the
relative contributions of these systems are to the overall oxidation
of NADH, particularly of the NADH produced in the cytosol,
despite thorough investigation [31]. Also, it is difficult to determine
their relative contribution, because upon deletion of either one
system, the other system can (partially) support the oxidation
requirements.

Thus, we determined the rates of the various cytosolic NADH
oxidation mechanisms in every EFM and asked whether there is a
difference between feasible and infeasible EFMs. Fig. 6 shows the
total cytosolic NADH oxidation rate in each EFM against the
respective NADH oxidation rate of a particular reaction, in the
feasible and infeasible EFMs. It can be seen that the highest
capacity to oxidize NADH comes from the external dehydroge-
nase complex (NADH2-u6m in Fig. 6), because only the external
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dehydrogenases could facilitate the complete oxidation, and
indeed it was earlier found that the external dehydrogenase
complex is mainly responsible for NADH oxidation in the cytosol
[31]. The maximum total cytosolic NADH oxidation rate of
5.5 mol NADH/mol glucose cannot be reached by any of the
other reactions. Particularly, malate dehydrogenase (MDH) and
alcohol dehydrogenase (ALCD2x) are limited in their oxidation
rate, with a maximum rate of 0.5 mol NADH/mol glucose for
MDH, and a maximum rate of 4 mol/mol for ALCD2x, where
only few EFMs have a rate higher than 2.2 mol/mol. The limits
we find show that, on a quantitative level, redox metabolism is
indeed affected by thermodynamic constraints. Specifically, we
can see that from the known processes involved in the oxidation of
NADH, the system providing the largest capacity for NADH
oxidation is through the external dehydrogenase complex.

Discussion

In this work, we demonstrated that an in vivo thermodynam-
ically feasible metabolic flux distribution is only composed of
thermodynamically feasible elementary flux modes. This EFM
property allowed us to integrate EFMs and NET analysis into a
novel approach to study the system-level properties of complex
metabolic networks on the basis of quantitative metabolome data.
As exemplified with a compartmentalized model of central
metabolism in S. cerevisiae and cell-averaged metabolome data
generated under glucose batch conditions, 46% of the 71.3 million
EFMs were found thermodynamically infeasible, leading to direct
insights into reaction directionalities, to constraints in several
metabolic rates, and to the identification of reaction patterns that
must be nactive due to a thermodynamic infeasibility.

This work builds on earlier work that integrated FBA,
thermodynamics and quantitative metabolite data [14,15], and
extends it by using EFMs, allowing us to identify the reasons
underlying the infeasibilities without making a priori assumptions

510 1.8

e External dehydrogenase Glycerol-3-phosphate
S 8 (NADH2-u6cm)] 1.5 dehydrogenase
= 12/ (G3PDH1ir)
c 6 ’ i

£ ¢ 0.9

o 4 /

© d 06

Q2 0.3

2

% 00 4 6 8 10 O(J 4 6 8 10
o 2

5 Malate dehydro- Alcohol dehydrogenase
%1_ 5 genase (MDH) (ALCD2x)
; Infeasible EFMs

o1 Feasible and

< infeasible EFMs

pzd Feasible EFMs

©0.5 /

©

[} s X

ke’ § i

S % 2 4 6 3 0 55 10
O

Total cytosolic NADH oxidation rate (normalized)

Figure 6. Cytosolic NADH oxidation rates of specific reactions
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on the metabolic objectives of the cell, such as maximization of
biomass production, as is the case with FBA. Additionally, in our
study we considered a compartmented metabolic network of S.
cerevisiae to analyze cell-averaged metabolite data. Notably, the
results we obtain are directly related to compartmentation, as can
be seen from the identified infeasibility patterns that involve both
compartments. The identified infeasibility of the ethanol-acetal-
dehyde redox shuttle has been previously identified using NET
analysis [12] and manual consideration of the system. In this work
we demonstrate that by using the flux patterns that are obtained
from the EFMs we systematically identify such infeasibility
patterns. Although the system-level constraints and their under-
lying causes can be rationalized without using EFMs, we need the
generated EFMs to determine the infeasible patterns that are part
of a stoichiometrically balanced flux distribution. In addition,
because the number of EFMs can be considered approximately
proportional to the flux solution space, we find that roughly half of
the flux solution space is thermodynamically infeasible due to
systems of reaction activities.

With the recently developed new group contribution method to
estimate thermodynamic properties on a genome-scale [35], the
recently increased availability in thermodynamic properties
through experimental methods [36], the advances in quantitative
metabolomics [37] and the now available methods to calculate
EFMs also for large stoichiometric network [38,39], we envision
that the here presented approach will be helpful to shed light on
metabolic flux physiology in more complex metabolic system such
as higher cells simultaneously growing on multiple carbon
substrates, where the applicability of classical flux analysis methods
are still rather limited.

Materials and Methods

Experimental data

We used experimental data on metabolite concentrations for
Saccharomyces cerevisiae obtained from four independent experiments
with at least two replicates [40—42] with equal growth medium but
under different cultivation conditions (bioreactor, shake flask, 96-
well). Based on the data from the independent experiments, we
constructed a consensus data set, where for each metabolite a
minimum and maximum concentration was defined. The
minimum and maximum concentrations were determined from
all the replicates of measurements for each metabolite. To reduce
the effect of outliers on the ranges, when more than 3 replicates
were available, we removed the values higher than the third
quartile +1.5 IQR (inter quartile range), and values lower than the
first quartile —1.5 IQR. Physiological data was obtained for S.
cerevistae on glucose as carbon source from one of the four
experiments. In Dataset S2 we describe the details of the
experimental conditions of the data sets, the obtained concentra-
tion ranges and physiological data.

Stoichiometric network

The stoichiometric metabolic network model describes the core
central carbon metabolism of S. cerevisiae in the cytosol and
mitochondrion with 230 reactions and 218 metabolites (see
Dataset S3), and was developed on the basis of the genome-scale
metabolic model iIND750 that contains 1149 reactions and 646
metabolites [21]. For our model, we selected the cytosolic and
mitochondrial reactions belonging to glycolysis/gluconeogenesis,
pentose-phosphate  pathway (PPP), TCA cycle, anaplerosis,
pyruvate metabolism, and oxidative phosphorylation. The revers-
ihility of each reaction was taken from Duarte et al. [21]. A
cytosolic malate synthase was added to complement the glyoxylate
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shunt in the cytosol [43]. A citrate synthase was added to the
cytosol since this is supported by localization studies [44].

To allow the model to synthesize all amino acids that are
required for biomass, we added the following pathways: 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 [45,46].
Furthermore, L-glutamate could be produced via three alternative
pathways: cytosolic or mitochondrial NADP-dependent glutamate
dehydrogenase from alpha-ketoglutarate or mitochondrial NAD-
dependent glutamate synthase from alpha-ketoglutarate and
glutamine [47]. For glycine synthesis, we implemented three
pathways such that it could be synthesized in the mitochondria via
(1) alanine-glyoxylate transaminase [48], or in the cytosol by (i)
glycine hydroxymethyltransferase from serine [49], or (i) from L-
threonine via threonine aldolase [50]. 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 exist or they are excluded based on
biochemical literature as it was done also to construct models for
13C-based flux analysis [45,46].

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 that were not contained in iND750 (i.e. for L-glutamate,
alpha-ketoglutarate, homocitrate, glyoxylate, and 2-oxobutanoate)
were added to properly connect additionally included alternative
pathways for amino acid synthesis to the metabolic network.

The biomass composition was adopted from iIND750 besides
that trehalose and glycogen 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. In the model, carbon molecules that can be
exchanged with the environment are glucose, glycerol, pyruvate,
acetate, ethanol, succinate, and CO,.

The model is not proton balanced. The reason for this is that it is
close to impossible to do the proton balancing correctly (e.g., for
transport reactions). Thus, we did not want to add any potentially
wrong constraints on the model and therefore did not account for
proton balancing, with one exception. We only balanced the protons
around the respiratory chain by replacing the cytosolic protons
produced and consumed in the reactions CYOR_u6m, CYOOm
and ATPS3m by a unique species “hcyt”. As a result, ATP
generated in ATPS3m can only occur through the respiratory chain.

Thermodynamic calculations

With NET analysis we can determine the feasibility of a flux
distribution based on ranges for the concentrations of the involved
metabolites. A flux distribution is thermodynamically infeasible
when one or more reaction activities conflict with the calculated
Gibbs energy of reaction range(s). Conversely, a flux distribution is
feasible when no conflicts are found. It is important to note that a
metabolite concentration is constrained in NET analysis by any
reaction that has the metabolite as a reactant. Therefore, a flux
distribution can be infeasible due to propagated constraints in a
pathway. The NET analysis implementation constrains metabolite
concentrations of metabolites that occur in multiple compartments
as a sum of the compartment specific concentrations, corrected for
their volume. Therefore, the compartmental distribution of such
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metabolites is left free. The compartmental volume fractions of the
cytosol and mitochondrion are set to 0.35 and 0.1, respectively.
The NET analysis approach is similar to other thermodynamic
analysis approaches [14,15]. A main difference from other
approaches is that with NET analysis we aim at checking flux
distributions for thermodynamic feasibility, and at estimating
ranges of Gibbs reaction energies and metabolite concentrations.

For NET analysis we used the concentration ranges defined from
the experimental data. For all other metabolites in the network we
assumed a default range with a minimum concentration of
0.0001 mM and a maximum of 120 mM, except for carbon
dioxide (“co2tot”), phosphate (“pi”) and diphosphate (“ppi”) that
were constrained to a range of 1 mM to 100 mM [51,52], and
oxygen (“02”) that was constrained to 0.001 mM to 0.1 mM [53].
By using such large metabolite concentration ranges we account for
the noise in the metabolite concentration data and uncertainties in
Gibbs energies of formation. Typical uncertainties in formation
energies are in the order of 0.02-2 kJ/mol [35], which are
overshadowed by variations in metabolite concentration data.
The compartmental pH values were set to 5, 6.5 and 7 for the
external, cytosolic and mitochondrial environment, respectively
[54,55]. The ionic strength was set to 0.15 M for all compartments.
For the correct consideration of transport thermodynamics in NET
analysis, we defined the specific transported species for each
transport reaction where possible, and calculated transport reaction
AG values according to Jol et al. [56].

EFM generation, feasibility analysis and resolving
infeasibility patterns

Computations for FVA, NET analysis and EFM generation
were done using MATLAB (The Mathworks). For optimization of
FVA problems we used the LINDO API library (LINDO Systems
Inc.) and for NET analysis we used anNET [23] in combination
with the LINDO global solver. To generate EFMs we used the
Java implementation from Terzer and Stelling [19] on a quad-core
system (3 GHz) with 128 GB memory. To test the thermodynamic
feasibility of each EFM we used anNET, which was modified to
run in an automated way on a cluster of computers encompassing
on average 60 CPUs (3 GHz). Testing EFMs for thermodynamic
feasibility was computationally intensive and took approximately
14 days.

To find the reaction activity patterns that cause infeasibility, we
considered each infeasible EFM separately and performed an
iterative analysis. In NET analysis of the EFM, we removed
consecutively each reaction’s activity constraint from the NET
analysis optimization and determined the feasibility. If the activity
pattern became thermodynamically feasible, the reaction activity
that was removed was identified as part of the pattern. Then we
continued with removing the next reaction activity, while keeping
the activities that were identified as part of the pattern. We
continued this process for all the reaction activities. This process
led to a set of reaction activities, which is a subset of the activities
in the analyzed EFM, of which the removal of one activity leads
to a feasible system. The set of reaction activities is only infeasible
as a whole system, and no single reaction can be marked
infeasible by itself. All possible infeasible reaction patterns may
not be found when multiple patterns are present in an EFM,
because the order of reaction activity removal determines which
pattern is found. The obtained infeasible patterns cover all the
infeasible EFMs.

Flux balance analysis
Flux balance analysis with maximization of biomass production,
maximization of ATP production and maximization of the ratio of
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ATP production over the sum of squared fluxes was performed
according to Schiitz et al. [28] with the physiological data used for
FVA as constraints. The computations were done using MATLAB
(The Mathworks) using the LINDO API library (LINDO Systems
Inc.) for optimization.

Supporting Information

Dataset S1 Overview showing for each model reaction at which
stage during the analysis a directionality constraint was added.

(PDF)

Dataset 82 Details regarding the experimental data used in this
study.
(PDF)

Dataset S3 The used metabolic network model in SBML
format.

(XML)

References

1. Sauer U (2006) Metabolic networks in motion: 13C-based ux analysis. Mol Syst
Biol 2: 62.

2. Zamboni N, Sauer U (2009) Novel biological insights through metabolomics and
13C-ux analysis. Curr Opin Microbiol 12: 553-8.

3. Fuhrer T, Sauer U (2009) Different biochemical mechanisms ensure network-
wide balancing of reducing equivalents in microbial metabolism. J Bacteriol 191:
2112-21.

4. Fendt SM, Sauer U (2010) Transcriptional regulation of respiration in yeast
metabolizing differently repressive carbon substrates. BMC Syst Biol 4: 12.

5. Kleijn RJ, Geertman JMa, Nfor BK, Ras C, Schipper D, et al. (2007) Metabolic
flux analysis of a glycerol-overproducing Saccharomyces cerevisiae strain based
on GC-MS, LC-MS and NMRderived C-labelling data. FEMS Yeast Res 7:
216-31.

6. Zamboni N, Fendt SM, Riihl M, Sauer U (2009) (13)C-based metabolic flux
analysis. Nat Protoc 4: 878-92.

7. Zamboni N (2010) (13)C metabolic flux analysis in complex systems. Curr Opin
Biotechnol 22: 103-108.

8. Sonnewald U, Schousboe A, Qu H, Waagepetersen HS (2004) Intracellular
metabolic compartmentation assessed by 13C magnetic resonance spectroscopy.
Neurochem Int 45: 305-10.

9. Niklas J, Schneider K, Heinzle E (2010) Metabolic ux analysis in eukaryotes.
Curr Opin Biotechnol 21: 63-9.

10. Kauffman KJ, Prakash P, Edwards JS (2003) Advances in flux balance analysis.
Curr Opin Biotechnol 14: 491-496.

11. Pissarra PDN, Nielsen J (1997) Thermodynamics of Metabolic Pathways for
Penicillin  Production: Analysis of Thermodynamic Feasibility and Free
Energy Changes During Fed-Batch Cultivation. Biotechnol Prog 13:
156-165.

12. Kiimmel A, Panke S, Heinemann M (2006) Putative regulatory sites unraveled
by networkembedded thermodynamic analysis of metabolome data. Mol Syst
Biol 2: 2006.0034.

13. Feist AM, Henry CS, Reed JL, Krummenacker M, Joyce AR, et al. (2007) A
genome-scale metabolic reconstruction for Escherichia coli K-12 MG1655
that accounts for 1260 ORFs and thermodynamic information. Mol Syst Biol
3: 121.

14. Hoppe A, Hoffmann S, Holzhiitter HG (2007) Including metabolite concen-
trations into flux balance analysis: Thermodynamic realizability as a constraint
on flux distributions in metabolic networks. BMC Syst Biol 1: 23.

15. Henry CS, Broadbelt IJ, Hatzimanikatis V (2007) Thermodynamics-Based
Metabolic Flux Analysis. Biophys J 92: 1792-1805.

16. Orman Ma, Androulakis IP, Berthiaume F, Ierapetritou MG (2012) Metabolic
network analysis of perfused livers under fed and fasted states: Incorporating
thermodynamic and futile-cycleassociated regulatory constraints. ] Theor Biol
293: 101-110.

17. Schuster S, Hilgetag C (1994) On elementary ux modes in biochemical reaction
systems at steady state. J Biol Syst 2: 165-182.

18. Klamt S, Gagneur J, von Kamp A (2005) Algorithmic approaches for computing
elementary modes in large biochemical reaction networks. Syst Biol (Stevenage)
152: 249-55.

19. Terzer M, Stelling J (2008) Large-scale computation of elementary flux modes
with bit pattern trees. Bioinformatics 24: 2229-2235.

20. Schuster S, Dandekar T, Fell Da (1999) Detection of elementary flux modes in
biochemical networks: a promising tool for pathway analysis and metabolic
engineering. Trends Biotechnol 17: 53-60.

21. Duarte NC, Herrgard MJ, Palsson BO (2004) Reconstruction and Validation of
Saccharomyces cerevisiae iND750, a Fully Compartmentalized Genome-Scale

Metabolic Model. Genome Res 14: 1298-1309.

@ PLoS Computational Biology | www.ploscompbiol.org

System-Level Insights from Thermodynamics and EFMs

Text S1 Mathematic proof showing that a flux distribution
containing an infeasible EFM is always infeasible.

(PDF)

Text S2 Additional results regarding flux balance analysis
showing the obtained patterns correspond with known operating
principles.

(PDF)

Acknowledgments

We would like to thank Barbara Bakker for the helpful comments and
discussions regarding redox metabolism.

Author Contributions

Conceived and designed the experiments: S]] AK JS MH. Analyzed the
data: S]J AK. Contributed reagents/materials/analysis tools: S]] AK MT.
Wrote the paper: S]] AK MT JS MH.

22. Mahadevan R, Schilling C (2003) The effects of alternate optimal solutions in
constraint-based genome-scale metabolic models. Metab Eng 5: 264-276.

23. Zamboni N, Kiimmel A, Heinemann M (2008) anNET: a tool for network-
embedded thermodynamic analysis of quantitative metabolome data. BMC
bioinformatics 9: 199.

24. Palmieri L, Vozza A, Agrimi G, De Marco V, Runswick MJ, et al. (1999)
Identification of the Yeast Mitochondrial Transporter for Oxaloacetate and
Sulfate. J Biol Chem 274: 22184-22190.

25. Breslow DK, Cameron DM, Collins SR, Schuldiner M, Stewart-Ornstein J, et
al. (2008) A comprehensive strategy enabling high-resolution functional analysis
of the yeast genome. Nat Methods 5: 711-718.

26. Price ND, Famili I, Beard DA, Palsson BO (2002) Extreme Pathways and
Kirchhoff’s Second Law. Biophys J 83: 2879-2882.

27. Bakker BM, Overkamp KM, AJ VM, Kétter P, Luttik MA, et al. (2001)
Stoichiometry and compartmentation of NADH metabolism in Saccharomyces
cerevisiae. FEMS Microbiol Rev 25: 15-37.

28. Schiitz R, Kuepfer L, Sauer U (2007) Systematic evaluation of objective
functions for predicting intracellular uxes in Escherichia coli. Mol Syst Biol 3:
119.

29. Schiitz R (2009) Model-driven identification of operating principles in metabolic
networks [Ph.D. thesis] ETH Ziirich, URL http://dx.doi.org/10.3929/ethz-a-
005955789.

30. Vemuri GN, Eiteman MA, McEwen JE, Olsson L, Nielsen J (2007) Increasing
NADH oxidation reduces overow metabolism in Saccharomyces cerevisiae. Proc
Natl Acad Sci U S A 104: 2402-2407.

31. Rigoulet M, Aguilaniu H, Avéret N, Bunoust O, Camougrand N, et al. (2004)
Organization and regulation of the cytosolic NADH metabolism in the yeast
Saccharomyces cerevisiae. Mol Cell Biochem 256-257: 73-81.

32. Marres CAM, de Vries S, Grivell LA (1991) Isolation and inactivation of the
nuclear gene encoding the rotenone-insensitive internal NADH: ubiquinone
oxidoreductase of mitochondria from Saccharomyces cerevisiae. Eur ] Biochem
195: 857-862.

33. Todisco S, Agrimi G, Castegna A, Palmieri F (2006) Identification of the
Mitochondrial NAD+ Transporter in Saccharomyces cerevisiae. J Biol Chem
281: 1524-1531.

34. von Jagow G, Klingenberg M (1970) Pathways of hydrogen in mitochondria of
Saccharomyces carlsbergensis. Eur J Biochem 12: 583-592.

35. Jankowski MD, Henry CS, Broadbelt IJ, Hatzimanikatis V (2008) Group
Contribution Method for Thermodynamic Analysis of Complex Metabolic
Networks. Biophys J 95: 1487-1499.

36. Li X, Dash RK, Pradhan RK, Qi F, Thompson M, et al. (2010) A Database of
Thermodynamic Quantities for the Reactions of Glycolysis and the Tricarbox-
ylic Acid Cycle. J Phys Chem B 114: 16068-82.

37. Buescher JM, Moco S, Sauer U, Zamboni N (2010) Ultrahigh performance
liquid chromatographytandem mass spectrometry method for fast and
robust quantification of anionic and aromatic metabolites. Anal Chem 82:
4403-12.

38. Terzer M (2009) Large scale methods to enumerate extreme rays and
elementary modes [Ph.D. thesis] ETH Ziirich, URL http://dx.doi.org/10.
3929/ ethz-a-005945733.

39. Kaleta C, de Figueiredo LF, Schuster S (2009) Can the whole be less than the
sum of its parts? Pathway analysis in genome-scale metabolic networks using
elementary flux patterns. Genome Res 19: 1872-1883.

40. Kimmel A (2008) Integrating Thermodynamics-based Modeling and Quanti-
tative Experimental Data for Studying Microbial Metabolism [Ph.D. thesis]
ETH Ziirich, URL http://dx.doi.org/10.3929/ethz-a-005713687.

March 2012 | Volume 8 | Issue 3 | 1002415



41.

42.

43.

44.

46.

47.

48.

49.

Fendt SM, Buescher JM, Rudroff F, Picotti P, Zamboni N, et al. (2010) Tradeoff
between enzyme and metabolite efficiency maintains metabolic homeostasis
upon perturbations in enzyme capacity. Mol Syst Biol 6: 356.

Ewald JC (2010) Unraveling Yeast’s Response to its Environment by Novel
Metabolomics Approaches [Ph.D. thesis] ETH Ziirich, URL http://dx.doi.org/
10.3929/ ethz-a-006109937.

Kunze M, Kragler F, Binder M, Hartig A, Gurvitz A (2002) Targeting of malate
synthase 1 to the peroxisomes of Saccharomyces cerevisiae cells depends on
growth on oleic acid medium. Eur J Biochem 269: 915-22.

Huh WK, Falvo JV, Gerke LC, Carroll AS, Howson RW, et al. (2003) Global
analysis of protein localization in budding yeast. Nature 425: 686-91.

Blank LM, Lehmbeck F, Sauer U (2005) Metabolic-flux and network analysis in
fourteen hemiascomycetous yeasts. FEMS Yeast Res 5: 545-558.

Maaheimo H, Fiaux J, Cakar Z, Bailey JE, Sauer U, et al. (2001) Central carbon
metabolism of Saccharomyces cerevisiae explored by biosynthetic fractional 13C
labeling of common amino acids. Eur J Biochem 268: 2464-2479.

Valenzuela L, Ballario P, Aranda C, Filetici P, Gonzélez a (1998) Regulation of
expression of GLT1, the gene encoding glutamate synthase in Saccharomyces
cerevisiae. J Bacteriol 180: 3533-40.

Schlosser T, Gitgens C, Weber U, Stahmann KP (2004) Alanine : glyoxylate
aminotransferase of Saccharomyces cerevisiae-encoding gene AGXI1 and
metabolic significance. Yeast 21: 63-73.

Kastanos EK, Woldman YY, Appling DR (1997) Role of mitochondrial and
cytoplasmic serine hydroxymethyltransferase isozymes in de novo purine
synthesis in Saccharomyces cerevisiae. Biochemistry 36: 14956-64.

@ PLoS Computational Biology | www.ploscompbiol.org

50.

51.

52.

53.

54.

56.

System-Level Insights from Thermodynamics and EFMs

Monschau N, Stahmann K, Sahm H, McNeil J, Bognar A (2006) Identification
of Saccharomyces cerevisiae GLY1 as a threonine aldolase: a key enzyme in
glycine biosynthesis. FEMS Microbiol Lett 150: 55-60.

Beard DA, Qian H (2005) Thermodynamic-Based Computational Profiling of
Cellular Regulatory Control in Hepatocyte Metabolism. Am J Physiol En-
docrinol Metab 288: 633-644.

Auesukaree C, Homma T, Tochio H, Shirakawa M, Kaneko Y, et al. (2004)
Intracellular Phosphate Serves as a Signal for the Regulation of the PHO
Pathway in Saccharomyces cerevisiae. J Biol Chem 279: 17289-17294.
Takehara Y, Kanno T, Yoshioka T, Inoue M, Utsumi K (1995) Oxygen-
Dependent Regulation of Mitochondrial Energy Metabolism by Nitric Oxide.
Arch Biochem Biophys 323: 27-32.

Kresnowati MTAP, Suarez-Mendez C, Groothuizen MK, van Winden WA,
Heijnen JJ (2007) Measurement of fast dynamic intracellular pH in
Saccharomyces cerevisiae using benzoic acid pulse. Biotechnol Bioeng 97:
86-98.

Orij R, Postmus J, Ter Beek A, Brul S, Smits GJ (2009) In vivo measurement of
cytosolic and mitochondrial pH using a pH-sensitive GFP derivative in
Saccharomyces cerevisiae reveals a relation between intracellular pH and
growth. Microbiology 155: 268-278.

Jol §J, Kiimmel A, Hatzimanikatis V, Beard DA, Heinemann M (2010)
Thermodynamic Calculations for Biochemical Transport and Reaction
Processes in Metabolic Networks. Biophys J 99: 3139-3144.

March 2012 | Volume 8 | Issue 3 | 1002415



