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Chapter 1
Introduction

Exploring the potential of metabolic models for the study of microbial ecosystems

Microbial ecology: the study of microbial ecosystems
Although you cannot see them by eye, microorganisms are everywhere around us and have
a major impact on human society. Look for instance at our daily diet; cheese, yoghurt,
beer, wine, bread and cacao are just a few examples that result from food fermentation
by microorganisms. They enhance the flavours of food, but also preserve them, such as
yoghurt, which has a much longer shelf life than ordinary milk. Additionally, certain health
benefits are assigned to fermented foods, such as body weight and fat loss and colorectal
health promotion [149, 173]. The fermentation process is conducted by a wide variety of
different microorganisms. These different microorganisms interact with each other (Figure
1.1), resulting in a complex web of interactions that form an microbial ecosystem.
Microbial communities are also required to digest the food we consume. We have approximately 4·1013 bacterial cells in our colon that helps to degrade complex molecules from
our food into smaller molecules, which are taken up by the human gut [216]. In the last
decade, the microbes in the human gut receive much attention: The common perception
nowadays is that the gut microbiota, the set of microorganisms in the gut, is an important
factor in human health, which is related with obesity [244, 243] and even psychological disorders [70, 44]. Other processes where microbial communities play an important role are in
waste water treatment plants where they are used to clean sewage water or in the anaerobic
digestion process of natural waste for the production of biogas [83, 53]. Microbial ecosystems are also used to remove hazardous components, such as benzene or toluene, from
polluted environments via bioremediation strategies [9].
Such microbial ecosystems are the topic of study in microbial ecology. Central to this
field are the relationships of the community members with their environment and the interactions between themselves; locations where microbial communities are studied vary
from permafrost environments to hot springs and from acid mine drainage to alkaline lakes.
Despite the variety of environments where microbes are studied, microbial ecologists are
always trying to answer four fundamental questions [196].
1. Who is there?
2. What potential do they have?
3. What processes are they performing?
4. What relationships are there between the community members?
Answering these four questions would constitute a full understanding of the microbial
community: we would then know who is there, what they do, but also what they could do
and how they interact with each other. With such knowledge -provided it is quantitative
enough (see later)- it would be possible to control the community to improve the biological
process. That would result in more efficient biogas reactors, waste water treatment plants
and bioremediation strategies, not too mention food and health applications.

The available tools in microbial ecology
There are various tools available to answer the four fundamental questions in microbial ecology. Two major classes of experimental tools can be distinguished: the culture-dependent
techniques and the culture-independent techniques. Both techniques have their own advantages and disadvantages, but both are required for full understanding of the ecosystem.
8
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Figure 1.1: The various interactions that potentially could occur between community
members in a microbial ecosystem.

Culture-dependent techniques

Culture-dependent techniques are based on cultivation of microorganisms. This can be
done in batch, where microorganisms consume excess substrates and secrete (fermentation) products. Batch cultivation conditions are very dynamic and therefore, data obtained
from batch cultivation can vary between biological conditions. Chemostat cultivation decreases the variance between biological samples, because a steady-state is achieved, a
state where metabolite and biomass concentration are constant in time. This is done by
continuously adding nutrients to a bioreactor and simultaneously removing medium broth
with the same rate from the reactor. The chemostat allows to control the growth-rate of
the micro-organism by adjusting the dilution rate. There are also other types of cultivation
techniques, but they are in essence all variations on these two cultivation techniques.
With culture-dependent techniques important aspects of the physiology of micoorganisms can be studied, such as substrate preferences, secreted products, maximal growth
rate, optimal pH and temperature. Therefore, culture dependent techniques have been used
since the time that microbiology started as a scientific discipline and is still relevant for current microbiologists and it will remain important for future microbiologists. However, early
microbiologists already noticed the discrepancy between the amount of different species
they could identify under the microscope and the amount of species they could cultivate.
It is estimated that around 1% of all microorganisms are culturable, leaving the other remaining 99% uncultivated [8]. For these 99%, another type of approach is required that is
independent from cultivation.
9
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Culture-independent techniques
Culture-independent techniques rely on the DNA, RNA and protein information from the environment for the identification of strains and their (potential) activity. For instance, DNA is
extracted and the 16S ribosomal RNA gene, which is unique for every phylum, is amplified
with the PCR method [205] and results in amplified 16S ribosomal RNA gene products of
all species in the environment. These gene products all have the same size and cannot
be separated on a normal agarose gel. Yet, they do not have the same sequence and differ in GC content, which is how these PCR products are separated on a DGGE gel [153].
The separated PCR products are sequenced for the identification of the different species in
the environmental sample. This approach allows for the investigation of the diversity and
dynamics of microbial ecosystems without cultivation of species individually. However, this
approach gives no insight in the metabolic capacities of a strain that is not cultivated yet,
because that requires a full genome or physiological data of those species. Sequencing
all DNA from an environmental sample, the so-called metagenome, and not only the 16S
ribosomal RNA gene, however, gives insight in the metabolic capabilities of the species in a
community. The major advances in sequencing technology in the last decade makes it easier and cheaper to sequence all DNA from a sample for the reconstruction of full genomes of
the community members from an environmental sample. The first successful attempt was by
Tyson et al., which reconstructed the full genomes of three species in an acid mine drainage
[245]. More metagenomics studies followed and thereby generating big data sets [37]. On
top of that, RNA-based (metatransciptomics) and protein-based (metaproteomics) studies
are nowadays also feasible [77, 253], acquiring extra information from samples. Interpreting
such datasets, however, is not straightforward and the amount of information extracted from
the data is still a small fraction of what is potentially possible. For instance, co-occurrence
networks can be constructed, which identifies the species that occur together in a sample. However, this can imply a positive interaction between the two species, but also that
there is no interaction between them and they inhabit the same niche. These kind of networks leave room for speculation about possible interactions in a microbial ecosystem. The
data becomes so complex that a method is required that integrates the molecular data from
the culture-independent techniques with the physiological data obtained from the culturedependent techniques to improve our understanding of microbial ecosystems.

Genome-scale metabolic models of single species
More information can be extracted from experimental data by integrating all data in a single
computer model. One such model that integrates molecular and physiological data is a
genome-scale stoichiometric metabolic model [161]. This type of model tries to capture all
metabolic reactions that take place inside the cell, resulting in a comprehensive catalog of
the metabolic capacity of a certain species.
Genome-scale metabolic models have shown to be a very useful tool to improve the understanding of the physiological properties of micro-organisms [163, 182, 161]. For instance,
the models are used to identify targets for in-silico metabolic engineering to test improved
product yields of a strain, before doing the wet-lab experiments. The first genome-scale
metabolic model was of Escherichia coli [251] and genome-scale metabolic models of other
industrial workhorses followed, such as Saccharomyces cerevisiae [69] and Corynebacterium glutamicum [113]. How these metabolic models are reconstructed is briefly explained
in Box 1.
Genome-scale metabolic models of ecological relevant strains are also reconstructed. A
10
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selection of those models are listed in Table 1.1 including the main conclusions from the
in-silico analyses. As shown in Table 1.1, a wide variety of questions can be answered
using genome-scale metabolic models. Models of pathogens are used for the identification of genes that are essential for growth and which therefore can be potential targets for
future drugs. On the other hand, models of extremophiles are assessed to improve the
understanding of the energy conservation strategies under such extreme conditions. Furthermore, potential interactions between symbiotic bacteria and their host are investigated
with metabolic models. These models helped to improve the understanding of the physiology
microorganisms.

Box 1: Creating genome-scale reconstructions
Nowadays, genome-scale reconstructions of metabolic networks are created semi-automatically
using software tools as Model SEED [54], FAME [25] or SuBliMinal Toolbox [232]. However,
these reconstruction tools will not provide the user with ready-made models and manual curation
is a laborious, but crucial step in the metabolic reconstruction process. Various papers have
been published describing the step-by-step process of genome-scale model reconstruction
[238, 207]. They provide a practical guide to genome-scale metabolic models and discuss the
manual curation process and their possible pitfalls. Here we will summarize the most crucial
steps of manual curation of a genome-scale reconstruction.
Resolving errors, gaps, and inconsistencies in the network: Due to wrong gene annotation, different enzyme functionalities or unknown gene functions, the initial draft contains
gaps, inconsistencies and other errors. The first step is to identify and resolve those errors.
The databases KEGG [106], MetaCyc [31] and BRENDA [33] are frequently consulted during
manual curation. However, these databases are not flawless and therefore it is important to
validate the data with BLAST [6] and data from literature.
Defining the biomass function: In order to get in silico growth, a biomass function
should be defined. This biomass function consists of two major components: the biomass
composition and the bioenergetics. The biomass composition includes all building blocks (e.g.
amino-acids, nucleotides, vitamins) required to synthesize 1 gram biomass dry weight. The
bioenergetics consists of two components: the growth associated maintenance and non-growth
associated maintenance. Both components require ATP and wrong estimation of these values
results in incorrect phenotypic behaviour. The biomass composition and bioenergetics should
be obtained experimentally.
Model validation: The last step during manual curation of a metabolic reconstruction is
the validation step. In silico results are benchmarked with experimental data. Suitable data
are obtained from chemostat growth experiments, metabolic engineering studies, substrate
utilization experiments, proteomics, transcriptomics and gene-expression studies.
After
successful model validation, the model can be used to analyze or predict phenotypic behaviour
of the organism.

Acting on such metabolic models, Flux Balance Analysis (FBA) is a popular and powerful
computational method that calculates the flux distributions inside the cell based on constraints acting on fluxes, and assuming optimality of some objective flux, for example growth
rate. The principles of FBA are explained in Box 2.
11
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Table 1.1: Genome-scale metabolic models of ecological interesting organisms
Strain
Blattabacterium cuenoti
Buchnera aphidicola
Chromohalobacter salexigens
Dehalococcoides ethenogenes
Geobacter metallireducens
Geobacter sulfurreducens
Helicobacter pylori
Lactobacillus plantarum
Methanosarcina barkeri str. Fusaro
Mycobacterium tuberculosis
Natronomonas pharaonis
Neisseria meningitidis
Rhodoferax ferrireducens

Result
Glutamine dependency of the strain and potential N-interaction with the host
Symbiont should produce histidine for optimal growth
Improved understanding of the physiology of halophilic bacteria
Insight into the metabolic limitation and energy conservation of the strain
Central metabolism contains several inefficient reactions
Insight of energy conservation
List of essential genes for growth as potential drug targets
Understanding physiological behaviour on a rich medium
Insight in the efficiency of energy conservation
List of essential genes for growth as potential drug targets
Understanding the physiology during extreme conditions
Substrate preference and design of minimal medium
Discovery of new substrates

Reference
[82]
[240]
[11]
[99]
[230]
[141]
[210]
[236]
[62]
[22]
[81]
[14]
[195]

Box 2: Principles of Flux Balance Analysis
FBA is an optimisation method acting on a stoichiometric model of a metabolic network,
which in principle refers to all metabolic reactions encoded on the organism’s genome (i.e.
hundreds to thousands of reactions and reactants) [170]. In stoichiometric models, the
reactions occurring in metabolism are only described in terms of their stoichiometry and not
their biochemical kinetics (e.g. their Michaelis-Menten kinetics equation). Hence, reactions
are only considered in the following form: 1A + 2B
3C + 1D, where the "1", "2" and "3" in
this reaction are the stoichiometric coefficients. All stoichiometric coefficients are collected in
a matrix N, where the rows represent the metabolites and the columns the reactions. The flux
rates are listed in the flux vector J. FBA assumes steady-state conditions, and therefore there
is no change in metabolite concentrations or fluxes in time. Then, we have at steady state by
definition that all the net production and consumption rates for the reactants balance:
NJ = 0

(1.1)

Besides the constraint of mass-balancing of the stoichiometric reactions, the metabolic model
is further constrained by thermodynamic considerations: e.g. some reactions are essentially
irreversible under the physiological conditions in the living cell. Other constraints that can be
imposed on the metabolic models are the capacity constraints, which provide upper and lower
bounds on fluxes; usually uptake or production fluxes, such as glucose or oxygen consumption
(Figure 1.2B).
Given those constraints, FBA minimizes or maximizes a certain objective function: the biological
goal of a microorganism. Often this is the maximization of biomass from substrate, but can also
be the maximization of ATP production [144]. FBA can mathematically be presented as:
Maximize or Minimize Zobj = cT J
subject to NJ = 0

(1.2)

Jmin ≤ J ≤ Jmax
The outcome of an FBA optimization results in a unique optimal solution for the objective function.
However, the corresponding calculated flux distribution is not necessarily unique (shown in Figure
1.2D) [108]. ’Flux Variability Analysis’ identifies the flexibility of each flux value in the optimal
solution [144].

Extension of genome-scale metabolic models to microbial ecosystems
FBA on single species genome-scale metabolic models is used for over two decades, but
is potentially also useful for the study of microbial communities. However, different type of
questions can be answered when ecosystems are modeled compared to pure cultures. For
instance, one could study the range of products the community potentially can produce and
consume. Arguably more interesting is the capability to investigate the interactions between
12
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Figure 1.2: From genome-scale metabolic reconstruction to calculation of the flux
distribution by FBA. A represents a simple metabolic network that is mass-balanced. Here,
reactions can be positive or negative and no further constraints are imposed on the model.
B is the metabolic model with imposed thermodynamic and capacity constraints. Certain
reaction can only be positive or have a specific value. C is the result from FBA, where the
reaction that produces biomass is the objective function, which is maximized. The solution
of the FBA optimization is 1 and is unique, but the corresponding flux distribution is not. In
D the minimum and maximum values of each reaction in the optimum is represented in red
and green respectively and is calculated by ’Flux Variability Analysis’ (FVA).

community members. We distinguish two different types of interactions between species
in a community: social interactions and metabolic interactions. Social interactions, such
as quorum-sensing, alter the physiology, gene-expression and survivability of members in
the community. Though, we believe that social interactions could play important roles in
microbial communities, the metabolic interactions between species are the primary focus
in this thesis. One of the reasons is that stoichiometric models are metabolism-based and
cannot be used to simulate the impact of social interactions. More importantly, we think that
metabolic interactions are the key-drivers of the community structure [49, 152]. One of the
questions that arises when studying a microbial ecosystem is what interactions dominate in
that system. However, inference of the metabolic interactions in a community is challenging.
Metabolites that are shared between species are hardly detectable in an ecosystem. Also
the conversion rates that are measured are the result of the whole community, and therefore
the rates of each species individually is not directly measured. Metabolic models allow for
the study of potential interactions between the species. For instance, whether formate or H2
is used as an electron shuttle in anaerobic systems and this can be resolved by simulating
species behaviour in a community. It is also possible to design a medium that would impose
certain interactions between species, based on the metabolic models.
Ultimately, ecosystem modeling can be used to identify the species that control the fluxes
through the community. It is experimentally challenging to find the species that controls the
functioning of an ecosystem. For instance, via ecological control analysis it is shown that
halorespiring microorganisms do not control the degradation rate of perchloroethylene [200].
From the experimental data alone, this would not be obvious. Extending the framework of
genome-scale metabolic models to ecosystem models could therefore improve the understanding of microbial communities. In 2007 Stolyar et al. was the first to couple the metabolic
13
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models of Desulfovibrio vulgaris and Methanococcus maripaludis to understand the interactions between the two organisms during various ecological conditions [229].

Static Community FBA
The approach of Stolyar is an example of static community FBA using the steady-state assumption for the whole community. These conditions apply when a community grows in
a chemostat or when all community members grow equally fast. One important thing to
consider with the static community FBA is that the calculated flux distribution per species
are based on the biomass concentration of the species. However, biomass abundances of
species in a community are not equal and, therefore, the species-specific rates have to be
multiplied by the biomass abundances to obtain the net-rates in the ecosystem. Neglecting biomass abundances results in wrong prediction of the community phenotype, because
changing biomass ratios have a major impact on the community interactions [109]. Also
assigning a good objective function is not trivial, because optimization of the biomass of
one species, could result in no growth in another species. An equal growth rate constraint
for all species solves this problem [109]. However, ecosystems are highly dynamic and are
usually not in steady-state. Therefore, the dynamic behaviour of an ecosystem cannot be
explained by the static community FBA approach, and therefore, some dynamics have to
be implemented into the FBA framework to accurately explain the dynamic behaviour of an
ecosystem.

Dynamic Community FBA
The dynamic community FBA implements growth-limiting substrate uptake kinetics in order to simulate dynamic behaviour of a species in a community [142]. In this framework
the biomass abundances are already taken into account, but the uptake kinetics should be
experimentally derived or fitted with the model. The substrate uptake kinetics are based
on irreversible Michaelis-Menten kinetics, where the substrate concentration determines the
substrate uptake rate. This rate is subsequently used as flux constraint in FBA, which results
in growth rate and product formation rates. At every time point the new substrate concentration is updated based on the FBA results and assuming (pseudo) steady-state between
the time points. This approach allows for the simulation of competition between two microorganisms [272], but also inhibitory effects of a certain reaction can be simulated [87]. The
dynamic community FBA is more flexible than the static community FBA and is therefore
preferred to explain dynamic behaviour in a community. Also the growth-rates between the
two species do not have to be equal, because growth rates of each species is individually
optimized based on the substrate uptake kinetics. The major disadvantage of this technique,
however, is that the substrate uptake kinetics of the species should be derived and this can
only be done when the species are grown in pure culture. Therefore, it is easier to fit the
uptake kinetics with experimental data. However, the models will have no predictive power
anymore, but are still useful to explain the experimental data derived from a microbial community.
Both approaches have been successfully applied on different ecosystems, but it depends
on the research question which method is most suitable. Therefore, there is not one single
method that is better than the other.
14
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Synthetic ecosystems as model systems to answer ecological questions
The metabolic modeling approaches so far have been applied on simple synthetic ecosystems. The importance of synthetic microbial ecosystems for microbial ecology have been
discussed recently in two reviews [84, 48]. The advantage of the synthetic ecosystems
over the natural ecosystems is that the complexity of the system is greatly reduced. Natural ecosystems consists of tens to thousands of species, which makes it very difficult to
understand what species are really important for the community phenotype. The reduced
complexity allows for a better understanding of the processes in the ecosystem. Another
additional advantage is that synthetic ecosystems can be easily manipulated by adding or
removing species. This allows for the systematic evaluation of the impact of a species in a
community and would not be possible in natural ecosystems.
Synthetic ecosystems can be used to relate the biodiversity of an ecosystem with stability and performance of the microbial community. For instance, it is shown that communities
with a high biodiversity retain their function better during imposed stresses than communities with a low diversity [263, 13]. Another study showed that increased biodiversity of the
community was correlated with an improved efficiency of mercury removal [254] and Bell et
al. found decreased community respiration during lower species richness in the community
[17]. These studies provide a fundamental understanding on the relation between community functioning, biodiversity and stability of the ecosystem and are therefore an important
tool to test ecological theories.
Synthetic communities are not only used to test ecological theories and improve the understanding of microbial communities. They also can be used for industrial applications. In
certain conditions synthetic ecosystems perform better relative to mono-cultures. This is,
for instance, the case during ethanol production from lignocellulosic biomass [151]. Synthetic ecosystems are very relevant in understanding microbial communities and therefore,
ecosystem modeling with stoichiometric metabolic models on small synthetic ecosystems is
very relevant to understand microbial communities.

Outline of the thesis
In this work, we investigate the applicability of metabolic models for the study of microbial
ecosystems. As they show great promise for microbial communities, we believe it is important to investigate how we exactly should use the metabolic models to their full potential.
Firstly, in chapter 2 we describe how we would use the metabolic models to understand
microbial ecosystems. We believe that genome-scale metabolic models are very useful
as data-repositories but all the details are not necessarily required to understand microbial
ecosystems. Depending on the research question, the detail of the metabolic model can
vary from genome-scale to coarse-grained and that is illustrated with a case study.
In chapter 3 we investigate the metabolism of one of the most important, but undervalued
strains in the carbon-cycle: the methanogen Methanosaeta concilii. The reconstruction and
exploration of the genome-scale stoichiometric metabolic model gives insight in the energy
conservation strategies of this peculiar archaea that grows on acetate. Here, a genomescale metabolic model is used, because the metabolism of a microorganism consists of
a large amount of reactions that require energy. All these reactions should be taken into
account to understand the energetics of this species.
In the following chapter (chapter 4) we work with Clostridium acetobutylicum: also an
15
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important player in the carbon-cycling process. C. acetobutylicum degrades sugar-like components to acetate, H2 and butyrate. These products serve as substrates for methanogens
and secondary-fermenting organisms in an ecosystem. As H2 is an important intermediate in anaerobic environments, we investigate the impact of H2 on the metabolism of C.
acetobutylicum. In this work we co-cultivate C. acetobutylicum with various H2 -consuming
organisms to investigate what impact the rate of H2 removal has on the phenotype of the
community. The genome-scale model of C. acetobutylicum is adjusted to correctly predict
the metabolic behaviour of C. acetobutylicum during the co-culture experiments.
In chapter 5 a synthetic co-culture of C. acetobutylicum and Wolinella succinogenes, a
H2 -consumer, is grown in different media with changing nitrogen source. As a result, the
phenotypic behaviour and metabolic interactions of the community are altered. Here, we
apply the framework, which was introduced in chapter 2, where a genome-scale metabolic
model is not necessarily required to understand a microbial ecosystem. An existing genomescale metabolic model of C. acetobutylicum was combined with a coarse-grained model of
W. succinogenes to study the interactions between the species and to investigate whether
the nitrogen source has an impact on interspecies hydrogen transfer.
Finally, a two-species yoghurt community was used to study the interactions between
two species in a nutritionally more complex ecosystem. In chapter 6 genome-scale models
are used to understand the evolutionary adaptation of the yoghurt bacteria Streptococcus
thermophilus and Lactobacillus bulgaricus. They are co-cultivated for over 1000 generations and the wild-type and evolved community are compared with each other. We see that
the evolved community is more stable and that the interactions between the bacteria were
improved.
In the general discussion (chapter 7) the advantages and disadvantages of metabolic
modeling of ecosystems are discussed. Although the method is very useful, we think it will
not provide an answer to every question related to microbial communities. Therefore, we
have to be realistic and ask the right questions and use the right ecosystems to fully exploit
the capabilities of genome-scale stoichiometric metabolic models.

16

Chapter 2
Systems approaches for microbial
community studies: From
metagenomics to inference of the
community structure
Mark Hanemaaijer Wilfred Röling, Brett Olivier, Ruchir Khandelwal, Bas
Teusink, and Frank Bruggeman

Exploring the potential of metabolic models for the study of microbial ecosystems

Abstract
Microbial communities play important roles in health, industrial applications and earth’s
ecosystems. With current molecular techniques we can characterise those systems at a
high level of detail. However, such methods provide little mechanistic insight into how the
genetic properties and the dynamic couplings between individual microorganisms give rise
to their dynamic activities . Nor do they directly give insight into the community state. This
knowledge is required for rational control and intervention in microbial communities. We
therefore see the inference of the community structure from experimental data, followed by
the identification of control targets as major current challenges. We will argue that this inference problem requires mathematical models that integrate heterogeneous experimental
data and existing knowledge. We propose that two types of models are needed. Firstly, we
need mathematical models that integrate existing genomic, physicochemical, and physiological information with metagenomics data to maximise information content and predictive
power. Constraint-based genome-scale stoichiometric modelling of community metabolism
is ideally suited for this purpose. Secondly, and more importantly, we will also need much
simpler coarse-grained models tailored for inference problems from experimental data and
that are built to unambiguously relate to the more detailed models that act as heterogeneous
data integrators. These simpler inference models have received remarkably little attention.
As a result, genome-scale modelling of microbial communities is currently more a computational, theoretical effort than a useful method for the experimentalist. Here, we discuss how
these two modelling approaches may be used in synergy to characterise microbial communities and answer questions given data. The picture that emerges is a synergistic, interactive
application of experiments and a computational systems ecology with a firm molecular biological basis.

Introduction
Microbial communities are ubiquitous in nature and play key roles in the ecosystems on
our planet. Humans directly and indirectly depend on their activities as they play essential
roles in element cycling and agriculture; e.g interactions between plants on the one hand
and mycorrhiza and nitrogen fixing bacteria on the other hand [63]. Microbial communities
are also exploited in food fermentations, e.g cheese, yoghurt, soy sauce, sauerkraut and
vinegar.
Despite that microbial communities have a major impact on human society, we have little
understanding of the principles of microbial community design that determine their overall functioning, robustness, evolution, and control. Hence, the opportunities to rationally
optimize the performance of communities are currently limited, because mechanistic understanding of microbial ecosystem is not possible by experimental data alone. To improve this
situation we are in need of novel computational methods to integrate experimental data and
new techniques to gain knowledge from data. This problem is very similar to early challenges that systems biology faced about a decade ago, in the study of single organisms
using functional genomics.
Several reviews and perspectives [199, 198, 267] described the need for a more quantitative approach using systems biology tools to understand microbial communities. In this
paper we would like to focus on the subsequent step: how to deal with the acquired complex
quantitative data. We think that limited quantitative data combined with coarse-grained stoichiometric metabolic models will already help the researcher to infer community structure.
18
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The models can be gradually increased in detail over time. Parallel to the coarse-grained
models, genome-scale metabolic models can be used as data repositories where new data
and constraints are imposed on the models when more data becomes available. We first discuss the inference methods used in single species studies and the computer models being
used and we will subsequently discuss the challenges for the implementation of these methods and models for microbial ecosystems. We will argue that in particular coarse-grained
models will be beneficial to understand community structure, where we will show with an
example how to improve our mechanistic understanding of microbial communities.

Glossary
Community state: The full set of concentrations, abundances of
species and process rates within a community.
Community structure: Implies the ordering of microorganisms,
through their interactions into a connected network, as selected by
the environment.
Flux Balance Analysis: Method used to calculate flux distributions
through the cell. Measured flux data are not required, so Flux
Balance Analysis can be used purely computational. Flux Balance
Analysis is performed on genome-scale stoichiometric metabolic
networks.
Isotopomer: Molecules which have the same constitution and the
same configuration but differ in isotope substitution.
Isotopomer-based flux analysis: Advanced method for Metabolic
Flux Analysis, using isotopomer data to infer intracellular fluxes from
isotopomer enriched metabolites.
Metabolic Flux Analysis: Method to infer fluxes from measured flux
data. The stoichiometric models are coarse-grained and are used by
the experimentalists.

Metagenomics gives unprecedented insight into microbial
communities
High-throughput DNA-, RNA and protein-sequencing gives nowadays valuable, high resolution information on the identities of the occurring species, their (expressed) metabolic potentials, and their (relative) abundances. Yet, the information gained from meta-omics studies
(we consider 16S rRNA gene sequencing to fall under meta-omics) is currently still relatively
limited. It does not give direct insight into the metabolic activities of microorganisms and
their relationships with the environment and with each other.
Metagenomic data alone will allow for limited mechanistic understanding on the functioning of a microbial community, as is illustrated in Figure 2.2 in which an ecosystem with
various interactions between species is depicted. Performing metagenomics on this community at different time points, will show the differences in relative species abundances in the
ecosystem. As such, it is impossible to monitor the exact dynamics of the various species
over time and, in particular, to deduce the underlying mechanisms responsible for the observed dynamics.
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Figure 1.The step forward in microbial ecology: data integration combined with modelling to generate new hypothesis in order to understand ecosystem structure and
behaviour

Additional methods like stable isotope probing (SIP) [56], MAR-FISH [126] or nano-SIMS
[132], can provide additional information, allowing for the detection of metabolites which are
consumed by the various organisms in an ecosystem [89]. However, experimentally this is
still challenging and the acquired data is generally not translated into quantitative, speciesspecific microbial activities.
The metabolic activities of the strains should, therefore, be inferred from the molecular
data and this is largely an open problem in the field at the moment [154]. The huge challenge that microbial ecologists are therefore facing is the inference of the community state,
i.e. what the values of all the metabolite concentrations, species abundances and microbial
activities are (see also Glossary), from experimental data. We need to figure out what can
and cannot be inferred from metagenomic data, and what additional experimental measurements and computational methods we require to get a more complete image of a microbial
ecosystem and its functioning.
This challenge is to a large extent solved for single species, but is unsolved for microbial
communities. For single species, experimental methods such as metabolic flux analysis
(MFA; see Glossary) [242] (e.g. isotopomer based (see Glossary)[158]) and metabolomics
[262] aid to identify its active metabolism. These methods helped to understand and predict
phenotypes of a microbial species [137].
We, therefore, expect that flux analysis will also be extremely informative for microbial
communities So, a step forward would be that microbial physiologists, familiar with quantitative flux studies and microbial growth, team up with microbial ecologists using metagenomics
to chart communities. Once the community structure is known, new hypotheses can be generated and tested on the ecosystems. This iterative approach where hypotheses can be
generated by the information from computer models is an established approach in the field
of systems biology [112]. This approach could also be extended to the field of microbial
ecology to achieve an iterative cycle of modelling and experimentation to advance insight
into the functioning of microbial communities (Figure 2.1).
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Figure 2.Illustration of the diversity of a microbial ecosystem with various interactions. A. is a schematic of an ecosystem with their interactions among community members and the environment. The small particles are the metabolites and different interactions
between community members. B. shows an example metagenomic time series data set on
the ecosystem and the relative biomass abundances in time. C. shows the real dynamics of
the various species of the ecosystem in time. The mechanisms behind the dynamics cannot
be captured by metagenomics time series data alone.
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Metabolic flux analysis of single microorganisms: a solved
inference problem
One of the methods used to extract more information from data is the use of metabolic flux
analysis (MFA).MFA is a powerful tool in biotechnology and systems biology: it aims to estimate intracellular fluxes in living cells, generally operating at a metabolic steady state, but
not limited to steady state conditions. In the early days of MFA, different related methods
were in use. What they have in common is that intracellular fluxes were inferred from measured extracellular fluxes using steady-state mass balances as constraints. They differed
in how they modelled cellular metabolism, some defined coarse-grained metabolic blocks
in which multi-reaction pathways are reduced to a single reaction describing an important
metabolic process in a cell, such as catabolism, respiration, product formation, anabolism
and maintenance [47]. Others limited the description to central metabolism, yet included all
individual reactions of central metabolism in this description [248].
The more recent approaches are based on isotopomer labeling strategies, for a historical overview see Szyperski [233] and for a more recent review see Zamboni [266].
These approaches enable the estimation of a large fraction of the fluxes operative in central metabolism, operating either at steady state or dynamic states [255, 157].The dynamic
13
C MFA applications are still largely in development, but are of large interest to microbial
ecologists in relation to the dynamic conditions in many environmental settings. Methods
have been developed [1] and applied [249] to infer intracellular fluxes from dynamic tracerexperiments on yeast. The coarse-grained stoichiometric models [47] and the isotopomer
flux balances analysis [266] both improved the physiological understanding of microorganisms.
13
C-tracer studies result in 13 C-enrichment profiles of metabolites in the metabolism of a
given strain. The 13 C-enrichment in time indicates the amount of flux through the metabolic
network. A fast enrichment indicates a high flux through the network, where a slow enrichment indicates a low flux. Exact flux values can be inferred using isotopomer-based flux
analysis (see Glossary), where stoichiometric metabolic models are required. These models are based on biochemical data or genomic information and covers mostly the central
metabolism. Parallel with the coarse-grained models and isotopomer flux balance analysis,
other type of metabolic models are used to understand the physiology of cells: genomescale stoichiometric metabolic models [55, 235, 169].

Success of genome-scale stoichiometric models of single
species
Genome-scale stoichiometric metabolic models aim to contain the coupled metabolic reactions encoded by the genome of an organism [72, 61](see simplified representation of
a metabolic network in 2.3A). Most of this information is derived from genome annotation
and physiological studies on the organism. They include the reaction stoichiometries, e.g.
for hexokinase the stoichiometric description would look like: glucose + ATP
glucose-6phosphate + ADP . All stoichiometries of the metabolites in reactions are tabulated in a stoichiometric matrix. An average-sized model consists of hundreds of reactions [235], whereas
a large model can easily contain more than thousand reactions [92, 239]. A stoichiometric
matrix also immediately connects reactions with similar metabolites. This connectivity of the
reactions create a big stoichiometric metabolic network.
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Genome-scale stoichiometric metabolic models contain more reactions than intracellular
reactants. Since the steady state concentration of every intracellular reactant relates to a
linear combination of fluxes at steady state, we end up with more reactions than constraining
equations (a so-called under-determined problem). Therefore, a unique steady-state flux
distribution through the metabolic network cannot be found. Flux balance analysis (FBA)(see
Glossary) overcomes this problem. A major difference between MFA and FBA is that MFA
is performed strictly on experimental flux data that (over)determine the problem, where FBA
can deal with partial flux measurements and determines problems: it uses optimisation to fill
in the unknown.
The idea behind FBA is to find solutions that satisfy some optimal behaviour of the
metabolic network, where most often the maximisation of biomass yield of a microorganism is used as a proxy for fitness [170]. To find this optimal behaviour, the metabolic network
has to be constrained as much as possible [183]. Balancing the reaction fluxes to guarantee
steady state of intracellular metabolites is the first constraint. The second constraint is to
put bounds on flux values of reactions. For instance, known irreversible reactions (derived
from thermodynamic considerations) are constrained to only positive or negative flux values.
Measured substrate uptake rates and product secretions rates are also used as bounds on
flux values. Often the substrate uptake rate is a constraint and not the production rates, because the model can be tested if it produces the right amount of products. Other physiological characteristics of the microorganism, such as the (non-)growth associated maintenance,
the biomass composition and P/O ratio help to further constrain the model. It is also possible
to obtain these physiological characteristics by exploiting the genome-scale stoichiometric
metabolic models of a particular microorganism to fit experimental data on its growth and
physiology [62, 141]. To determine these parameters, all substrate uptake rates, product
secretion rates should be used to constrain the model.
In general, many different internal flux distributions exist that satisfy all constraints. Together, they make up the solution space. Every flux distribution outside the solution space
is infeasible and, therefore, biologically irrelevant (Figure 2.3C). Next, numerical algorithms,
for instance linear programming are used to find flux distributions that optimise the postulated metabolic objective and further reduce the solution space to one optimal solution. This
principle is shown in Figure 2.3C, where due to the use of a simple network, indeed a single
optimal solution is obtained. FBA on metabolic networks of microorganisms generally reveals that many internal flux distributions satisfy that optimal metabolic objective. The latter
(the actual growth rate) is often seen as a system property and is generally the property of
most interest to the researcher. Various algorithms have been developed to calculate the
flexibility of the network at its optimal state [144, 108]. This flexibility is indicative for the possible phenotypes an organism could attain. This could be informative if the experimentally
observed phenotype is not consistent with the predicted phenotype of the model. Protein
and mRNA data also help to improve the understanding of the fluxes through the metabolic
network [24, 122, 189].
Using only stoichiometry and no dynamics appears a shortcoming when one is interested
in dynamics in species abundances and activities, which occurs in many ecosystems . However, these dynamics can be described by implementing FBA into an Ordinary Differential
Equation model in which the substrate uptake of species is described with a simple kinetic
description, most often based on Monod-based kinetics, as done in dynamic FBA (dFBA)
where biomass and substrate concentrations change over time [142].
Genome-scale stoichiometric modelling of metabolic networks have had an big influence
on biotechnology, contributing to the understanding of the physiology of industrial microorganisms and defining targets for metabolic engineering to improve their performance. The
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Figure 3.Illustration of Flux Balance Analysis. A. Visualisation of a simplified metabolic
network of a micro-organism. The microorganism takes up metabolite A and produces
biomass, and products D and E. B. The stoichiometric matrix N representing the network
depicted in A, with rows corresponding to metabolites and columns to fluxes. The stoichiometric matrix multiplied with the flux vector is in steady state always 0 C. When optimization
of the biomass flux is used, the (in)feasible flux distribution figure between flux v1 and v3 is
calculated. The red dot corresponds with the optimal solution when the biomass flux is used
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Table 2.1: Achievements of genome-scale stoichiometric modelling in systems biology
Achievements
First genome-scale model
Models showed consistency with
experimental data
Simulations in correspondence with
13C-tracer studies
Non optimal growth of strains
Correct gene knock-out strategies
for higher product yields

Reference

[251]
[62, 236, 165]
[230]
[97, 235]
[29, 181, 172, 125]

method has been reviewed in several excellent reviews [76, 186, 148]. We have listed a
few relevant achievements of constraint based modelling in the field of systems biology and
biotechnology in Table 6.2.

A systems biology-inspired quantitative concept of community structure
To be unambiguous about the inference problem, let’s take a more formal perspective on
what we mean by community state and the community structure (see also Glossary). At any
given moment, the state of the community is characterised by:
1. Concentrations and abundances:
(a) the abundances of all microorganisms in the community.
(b) the intracellular and extracellular concentrations of their metabolites, mRNAs, enzymes and other cellular constituents.
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2. Process rates (fluxes):
(a) the growth rates of all microorganisms,
(b) the rates of all the intracellular and extracellular biotic metabolic reactions and
abiotic processes.
Thus, the community state describes the quantitative values of all the concentrations and
process rates occurring in the community. Together with a kinetic representation of all the
processes, this information suffices to determine the rates of change of all the concentrations
in the community –in theory. Clearly, we do not know most of the kinetic parameters that are
required. This inference problem is still an enormous challenge in modelling monocultures
[134]. As a result, we have to constrain the description of the community system greatly,
simplify smartly, and set realistic goals.
The community structure implies the ordering of microorganisms through interactions
ending up in a connected network. In theory inference methods can be used to identify such
community structure, by measuring the community state over time [80].
The inference methods used for single species are all based on metabolism and one
can wonder whether the community structure is dominated by metabolism-driven factors or
whether it is also significantly dependent on factors unrelated to metabolism. We distinguish
two major classes of interactions between community members and the environment, those
driven by social traits and those that are metabolism driven. We assume that in many cases,
the metabolic component of the community is dominant, based on general knowledge on
microbial ecology. For instance, in glucose-fed biogas reactors the dominant species are
all involved in the process of the metabolic conversion of glucose to methane [66]. Most
species-species interactions are metabolic driven, such as cross-feeding, nutrient competition, and predator-prey relations. All such metabolic processes account for the mass flow
through the ecosystems and the concomitant growth and turnover of microorganisms and
metabolite levels. However, communities are not solely structured by metabolic interactions.
The non-metabolic interactions we exclude by limiting ourselves to this metabolism-based
perspective on microbial communities are social traits such as chemical warfare, bacteriocin
production, quorum sensing and other cell-to-cell interactions (either direct attachment, or
other signalling mechanisms). Thus, we postulate that the majority of the community dynamics can be explained by metabolic interactions, although we cannot exclude that social
traits may play an important role. It is known that quorum sensing also plays a role in monocultures of Escherichia coli and Pseudomonas aeruginosa, but FBA simulations suggests
that quorum sensing has a minor effect on the phenotype [162, 169]. In fact, we can test
the role of social traits in interspecies interactions by investigating how far purely metabolic
modelling approaches are still capable of describing dynamics in defined, simple co-cultures,
after social traits and their expression are introduced into these co-cultures.
In ecosystems, community level fluxes are measured which correspond to the reaction
activities per cell of a particular species, multiplied by its abundance, and then summed for
all community species in a community. Flux analysis of communities therefore requires the
estimation of biomass abundances of the community members. This makes flux analysis for
a community more complicated than flux analysis for single microorganisms. The inference
method that we envision will, therefore, involve the measurements of community level fluxes,
organism abundances and knowledge of the metabolism of these organisms. This requires
the consideration of all the metabolic fluxes in the community, which can amount to millions of reactions. The constraints imposed on the network (See ’Success of genome-scale
stoichiometric models of single species’) decrease the amount of solutions in community
modelling considerably.
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Although the amount of solutions is decreased by the constraints, still computer models
will be required to infer knowledge from microbial community data. FBA-type simulations on
the metabolic network models of species in a microbial ecosystem will be needed to solve
those inference problems, in analogue to inferring intracellular rates for a metabolic network
of a single species (See ’Success of genome-scale stoichiometric models of single species’).
These models should integrate the available molecular data of the ecosystem. Such type
of metabolic models can indeed give detailed insights into the metabolic capacities of single microorganisms in multispecies settings and can be extended to deal with communities
[267]. They provide a straightforward tool for biologists to integrate data and make realistic
predictions, given constraints that derive from basic principles and experimental data. They
have been successfully used to understand processes in synthetic ecosystems [206, 229],
but could also explain phenotypic behaviour in real ecosystems [272].

Ways metabolic models are used for communities
The application of stoichiometric models of the coupled metabolism of microorganisms in
communities holds great promise for several reasons:
1. Community-scale stoichiometric models (CSSMs) are very suitable for data integration, as their mathematical description directly maps onto genomic, metabolomic, proteomic, and flux data of the metabolism of individual microorganisms in the community.
The mapping can be done on a visualized metabolic map corresponding to the microbial ecosystem according to methods described in [139].
2. CSSMs allow for calculation of the community state and structure with numerical algorithms.
3. Experimental data can be used as constraints in the associated modelling formalism,
to improve predictions when more data has become available [199].
4. The systemic consequences at community scale of molecular or physiological perturbations or species augmentation can be predicted with CSSMs.
5. CSSMs can be used for experiment or medium design to improve community performance.
Different approaches to extent single-species models to microbial-community metabolic
network reconstructions have been proposed, each targeting different research questions.
The existing applications of FBA to CSSMS can be classified in three different groups: i) the
supra-organism approach [197], ii) the steady-state compartmentalized approach [229, 109],
and iii) the dynamic compartmentalized approach, based on dynamic FBA (dFBA )[86, 272,
206]. These methods vary in the complexity of the CSSM description and how they choose
to handle individual species.
The super-organism approach has first been applied by Rodriguez et al. [197] and combined all metabolic reactions of the various species in the microbial ecosystem to create one
metabolic network to study the metabolic capacities in terms of product and substrate variety
of the community. This approach simplifies the complexities of interactions and regulations
amongst cohabiting species and makes it easy to predict environmental conditions that can
be imposed to optimize a community level objective towards biotechnological interested outcome.
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The steady-state compartmentalized approach approach considers the various species
as separate compartments where one shared compartment is introduced for the exchange
of metabolites between the species. This approach includes the compartments to study and
elucidate interactions between species, resulting in studies of host-microbe/pathogen interactions or mutualistic interactions. With this approach, for instance, it is suggested that instead of formate, H2 is exchanged in a co-culture of Desulfovibrio vulgaris and Methanococcus maripaludis [229]. Initial compartmentalization neglects biomass concentrations of each
species individually, resulting in biased quantitative flux distributions. Implementation of
biomass concentrations in the compartmentalization approach has recently been successfully applied and is of particular interest when accurate quantitative transfer rates are required [109].
The dynamic compartmentalized approach implements dynamic behaviour in FBA by
using uptake and secretion kinetics of the strains. Implementation of dynamic behaviour is
required to understand ecosystem structure and functionality. Here, biomass concentration
of each species is taken into account and changes with time. Therefore, it is possible to
simulate competition, predation or other interactions altering the community structure. Along
with the metabolic models of the participating species, this method requires kinetics for
transport, cross feeding of metabolites and dynamics in biomass abundances [86, 272, 206].
One of the major disadvantages of the dFBA method is the requirement of substrate uptake
kinetics of the strains. Obtaining this for every species in a complex community will be
laborious. However, it is possible to infer the kinetic parameters by fitting the model with the
experimental data.
A limitation of all these methods is that they are currently tailored for simulation and
not inference of metabolic activity and abundances of microorganisms from community-level
fluxes. Even though such models can actually be used for this purpose, this is rarely done,
because of experimental challenges in obtaining the data. In particular resolving fluxes at the
level of the single species remains challenging. However, recently species level isotopomerbased flux data were obtained from synthetic consortia [218, 203]. When experimental
procedures for isotopomer-based analysis of fluxes through microbial communities develop
further, the CSSMs as we describe here, also become relevant to experimentalists.

Inferring the community structure using coarse-grained models
Even though CSSMs can be very useful, for many applications they will be too detailed and
too unparameterised to be of immediate value. A more pragmatic approach is therefore
needed. Ideally one, where the type of research question determines the required level of
detail and initially limits the complexity of the model, at the same time allowing for progressively and gradually increasing the model in size when more experimental data becomes
available. The work flow we envision is visualized in Figure 2.4. We make use of an elegant
study performed by Kraft et al. on a nitrate respiring community as an example to explain
this work flow [118].
In the study by Kraft et al. a continuous reactor was inoculated with a nitrate respiring community and during incubation environmental factors were altered and investigated if
denitrification or ammonification evolved as the major nitrate respiring process [118]. The
researchers measured the macroscopic fluxes, performed metagenomics, metatranscriptomics and metaproteomics, and used SIP to unravel the effect of specific environmental
conditions on community behaviour. Several key-players were identified and from the omics
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data the metabolic interactions within a community were inferred. Factors such as microbial
generation time, nitrite supply, nitrate supply and the carbon over nitrogen ratio determined
the major nitrate respiration process. The study covers the ’Data’ and the ’Data analysis’
in the ’Inference problem’ in Figure 2.4, but with that data alone the exact mechanisms behind these observations were not uncovered. This study therefore provides an interesting
test case for integration of the experimental data into a mathematical model to get mechanistic understanding of the community functioning and eventually to control and steer its
performance.
The next step in the process to get a mechanistic understanding is the construction of
coarse-grained stoichiometric models of the key players, describing a limited set of pathways
and connect them to each other to create a community. These coarse-grained models of the
key players in the ecosystem are based on knowledge on the (genome-derived) metabolic
networks of the key species, and if not available, generalized reactions will be used. These
coarse-grained models of the key players contain a small set of reactions that each lump into
a metabolic subnetworks (e.g. catabolism, anabolism) and need to be evaluated against the
experimental data of that particular species in mono-cultures. Where required, the model
can be expanded by including more specific metabolic reactions to match the phenotype.
This will be a process of adjusting and testing, while keeping the models close to the data
and as simple as possible. This is the last step in Figure 2.4 of the ’Inference model’ where
a coarse-grained data model is constructed. Once the coarse-grained models match the
experimental data, they can be applied to answer questions about the community.
Parallel of this ’Inference model’, genome-scale stoichiometric metabolic models are
maintained as data repositories (shown in ’Simulation’ in Figure 2.4). In the example of
Kraft et al. 7 dominant species related to ammonification and denitrification were identified.
For these species, genome-scale metabolic reconstructions can be created using genomic,
literature and experimental data. Addition of experimental data imposes more constraints on
the genome-scale models of the community. All models are combined in one genome-scale
consortium model and allow for the exploitation and exploration of the microbial community.
At the end, a synergistic approach emerges where the interplay between the simple
coarse-grained models and the genome-scale metabolic models are determined by the type
of question being asked about the community. Every new research question requires the
three steps visualized in Figure 2.4: 1: Data agreement; the data between the two types
of models that they can produce should be consistent with each other. 2: Modularization;
a model of the community should consist of different modules. All species with the same
"ecotype" could be fit in one module. 3: Model essentialization; the type of research question
also influences which parts of models should be shown in high detail and which not.
For instance, when the phenotypic behaviour of the Denitrovibrio in the study of Kraft et
al. between day 300 and 400 is of interest, a more detailed model is required for this species.
The other species can again be characterized as coarse-grained models. To answer this
question the data required are time series metagenomics, community level fluxes, but also
data related to activity of that organism, such as metatranscriptomics, metaproteomics and
SIP. If community dynamics, influence of ecotypes in the community or robustness of the
community performance are studied, coarse-grained models will be more suitable. The kind
of data required to answer these questions are time series metagenomics and community
level fluxes.
The research question why microbial generation time, nitrite supply, nitrate supply and the
carbon over nitrogen ratio influences the community performance, requires coarse-grained
models of the 3 dominant groups in the microbial community: the denitrifiers, the ammonifyers and carbon fermenting organisms. These three models will be connected to create a
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Figure 4.Representation of the workflow to get more information from experimental
data. On one hand the inference approach with as result a coarse-grained data-model
which fits the measured data and on the other hand the genome-scale models which are
highly underdetermined, but can be used as data repositories. The challenge is to create
models which fit the research question. This can be done via the three represented steps.
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Figure 5.Illustration of the models used to get a mechanistic understanding of the
nitrate respiring community. On the upper-side there are the coarse-grained models,
where on the lower-side the highly detailed genome-scale models are shown. In the middle
is the type of model created using the synergistic approach of the coarse-grained models
and the genome-scale models and will be used to get a mechanistic understand of the nitrate
respiring community.
CSSM. We would then focus on the metabolic models of the denitrifiers and the ammonifyers
and their metabolic subnetworks involved in biomass production and the supply of electrons,
because Kraft et al. [118] hypothesized that these processes play a role in the dominating
nitrate respiration process. The process of the kind of model and type of measurements
required to answer the research question why the environmental factors influence the community performance is shown in Figure 2.5.
As demonstrated by Kraft et al. culturing (defined) communities under well controllable
conditions, for instance in chemostats, simplifies the determination of community level fluxes,
biomass abundances, and allows for applying well tractable perturbations. That type of data
will be very helpful to develop and optimize species-specific flux descriptions on basis of
CSSMs and that will be extremely helpful to infer the community structure, understand the
community and eventually control the microbial ecosystem.

Concluding remarks
In this paper, we addressed how we see the development of system approaches to go from
genome data to understanding and directing microbial community metabolism. In our opinion, metagenomics need to be augmented with flux measurements and inference methods
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to identify the community structure. We arrive at a view where modelling approaches, that
can vary in their level of coarse-graining, are combined with data gathering to infer microorganism functionalities and design new experiments. Tools such as flux balance analysis
of stoichiometric models, where genomic, physicochemical and physiological data are integrated, will be required for well-characterised communities to obtain further information
about community structure and metabolic interactions.
However, every type of modelling has its limitations and strengths. For systems that are
likely undercharacterized based on the expected complexity, which is likely is the case for the
majority of cases, high-level of genomic and metabolic detail is a bridge too far and too early
at this stage. For these cases, simple models that coarse grains communities into simple
functional blocks – ”ecotypes” – are likely the way forward, as it was in the pre-genomic
times in biotechnology. Coarse-grained models remarkably receive little attention: models
are primarily used for simulation of large underdetermined systems without really assisting
experimental microbial ecologists with dealing with their data and answering the questions
that they have. We advocate that flux analysis specialists from the fields of biotechnology,
microbial physiology and systems biology team up with microbial ecologists.
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Abstract
Methanogens play an important role in the global carbon cycle. They live on the border of
what is thermodynamically possible. Methanosaeta concilii is such a methanogen and converts acetate to methane. During this process M. concilii translocates protons and sodium
ions over the membrane for ATP synthesis. However, according to data from literature,
too little protons and sodium ions can be translocated to support growth. Various hypotheses for free-energy transduction have been postulated, but those have not been systematically tested. We reconstructed a genome-scale metabolic model of the metabolism of M.
concilii to test these hypotheses in silico. The genome-scale metabolic model contains
567 reactions and shows great similarity with the metabolic model of the methanogens
Methanosarcina barkeri and Methanospirillum hungatei. We found that a higher proton
translocation efficiency relative to the other methanogens is the most likely strategy for M.
concilii to grow. Thermodynamic analysis confirmed that the maximum amount of protons
that can be translocated over the membrane is sufficient to synthesize sufficient ATP for
growth.

Introduction
Approximately two thirds of the biologically produced methane is derived from acetate [202].
This makes the conversion of acetate to methane an important process in the global carbon
cycle. However, only two families in the order of Methanomarcinales are known that carry
out this process: the versatile Methanosarcinaceae and the specialist Methanosaetaceae.
Species in both orders are capable to harvest enough free energy to grow on acetate, even
though production of methane from acetate yields only ∆G◦ ’ -35.6 kJ/mol acetate. ATP
hydrolysis, for instance, yields approximately -30.5 kJ/mol and therefore, around one ATP
can be generated from the full conversion of acetate to methane if all concentrations of the
metabolites are equal. Note that a ratio difference in concentration of 10 causes a change
of 5.7 kJ/mol at 298 K. Therefore, these methanogens seem to live on the border of what
is thermodynamically feasible and possess unique enzymes and co-factors that can harvest
sufficient free energy for growth.
The main difference between species from the families Methanosarcinaceae and Methanosaetaceae is the variety of substrates that they can utilise. The versatile Methanosarcinaceae is
capable to grow on H2 /CO2 , methylated components and acetate. The Methanosaetaceae
on the other hand can grow only on acetate. The members of Methanosarcinaceae are
frequently used to understand the physiology of the methanogens [136, 96], for example
through gene knock-out studies [184, 117, 259]. On the other hand, acetate metabolism in
Methanosaetaceae species is relatively poorly studied.
Although most reactions involved in acetate metabolism are similar between the Methanosarcinaceae and Methanosaetaceae, some crucial reactions related to the bioenergetics of the
cell are different. In particular, acetate activation by the enzyme acetyl-CoA synthase for
Methanosarcinaceae (equation 3.1) and for Methanosaetaceae (equation 3.2) differs [102]:
Acetate + AT P + CoA → Acetyl − CoA + ADP + P i

(3.1)

Acetate + AT P + CoA → Acetyl − CoA + AM P + P P i

(3.2)

Acetate activation will cost net two ATP for the Methanosaetaceae (equation 3.2) and only
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Figure 3.1: Schematic representation of the core metabolism of M. concilii. ACt is acetate transporter, ACS is acetyl-CoA synthase, PPase is pyrophosphatase, ADK is adenylate kinase CODH is carbon monoxide dehydrogenase, MMT is methyl-H4SPT: coenzyme
M methyltransferase, MCR is CoB-CoM heterodisulfide reductase, HDR is heterodisulphide
reductase, F4D is F420 dehydrogenase, Fd(ox) is oxidized ferredoxin, Fd(red) is reduced
ferredoxin, MPH2 is reduced methanophenazine, MP is oxidized methanophenazin.

one ATP for Methanosarcinaceae (equation 3.1). This ATP investment is returned by the
translocation of protons and sodium ions over the membrane to create a proton motive force,
which is used to produce ATP via ATP synthase. There are various reactions in the core
metabolism of methanogens that translocate protons and ions over the membrane, such as
Ech hydrogenase (ECH) or heterodisulphide reductase (HDR). A schematic representation
of the core metabolism of M. concilii is shown in figure 3.2 with the current stoichiometry
of ion translocation. The amount of translocated protons and ions appears in theory too
little to produce sufficient ATP for growth of Methanosaetaceae [223]. In practice though,
Methanosaeta concilii, a species in the Methanosaetaceae genera, does grow on a minimal
defined medium containing salts, vitamins and acetate [175]. Therefore, various hypotheses
have been postulated about the mechanisms of free-energy transduction in Methanosaetaceae [223, 103]. Firstly, the inorganic pyrophosphatase, which catalyzes the exergonic
reaction of hydrolysis of pyrophosphate to two phosphate molecules, may be coupled to
proton translocation. The pyrophosphatase has to be membrane-bound to couple the reaction to proton translocation. In M. concilii, 5% of all pyrophosphatase is membrane-bound
[103]. It is also possible that an unidentified proton translocating enzyme is present and
lastly, the assumed stoichiometry of the proton and sodium translocating enzymes, that are
based on measurements on closely related methanogens, are incorrect.
Not all hypotheses are experimentally investigated, partly because of the limited substrate sources M. concilii can grow on. Here, models are an alternative that allow for a
systematic evaluation of the consequences of such hypotheses, without experimental data.
We used a genome-scale model for this purpose; those models are used as data repositories, which integrate genomic, transcriptomic, proteomic and physiological data into one
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complete model. Only stoichiometries of reactions are incorporated, and hence, kinetic parameters of enzymes are not considered. Even without the implementation of the kinetics,
the genome-scale metabolic models successfully predicted targets for metabolic engineering on the industrial workhorses Escherichia coli [191] and Saccharomyces cerevisiae [171].
Also more ecologically interesting species were studied with such genome-scale metabolic
models. The goal of those studies was primarily to understand the metabolic strategies for
growth in extreme environments, such as the halophilic Chromohalobacter salexigens [11]
or the haloalkaliphilic Natronomonas pharaonis [81]. Also strategies for energy conservation
have been assessed with the genome-scale metabolic models of Geobacter sulfurreducans
[141], Geobacter metallireducens [230] and Methanosarcina barkeri [62].
Here we reconstructed the metabolism of M. concilii, a mesophilic model-organism of the
Methanosaetaceae, and investigated the various postulated strategies for energy conservation in M. concilii.

Material and Methods
Genome-scale stoichiometric metabolic reconstruction
A draft version of the genome-scale stoichiometric model was created by the web-based stoichiometric metabolic model builder FiJo (http://f-a-m-e.org/fijo/). The proteome of Methanosaeta
concilii GP6 was compared with the proteome of the already reconstructed genome-scale
models of Methanosarcina barkeri, Escherichia coli, Helicobacter pylori, Mycobacterium tuberculosis and Staphylococcus aereus. Orthology detection with Inparanoid REF was used
for this, and gene-reaction associations of orthologous genes in these reference model were
copied into the model of Methanosaeta concilii GP6.
The draft version of the model was further curated using literature and various databases,
such as KEGG [106] and MetaCyc [31]. In the first draft, for instance, the metabolic model
of M. concilii was not capable to synthesize all amino acids. However, M. concilii grows on
a defined minimal medium containing only salts, vitamins and acetate [175]. Therefore, the
missing reactions in the amino acid biosynthesis pathway were implemented, even though
there was sometimes no genomic evidence of these reactions. Additionally, certain enzymes in the core metabolism consists of multiple subunits. FiJo incorporates the reactions
catalyzed by such enzymes when the gene(s) of only one of the subunits is found on the
genome. Presence of a gene of only one of the subunits will not result in a functional enzyme. Therefore, the bounds of the reactions with only one subunit that are implemented in
the draft version were set to zero, such as Ech Hydrogenase. The final model contains 567
reactions, 1401 metabolites and 25 exchange reactions.

Flux Balance Analysis
Model simulations were done using the python-based software CBMPy version 0.7.0
(http://cbmpy.sourceforge.net/) [168]. The objective function was maximization of the biomass
reaction flux. The CPLEX solver of IBMr was used for solving the resulting linear program.

Thermodynamic analysis
The Gibbs free energy that is required for M. concilii to transport one mol of protons or
sodium ions over the membrane was calculated by equation 3.3.
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∆G = RT ln

inside
+ zF ∆Ψ
outside

(3.3)

Here, R is the gas constant of 8.314·10−3 kJ·mol−1 ·K −1 , T the temperature in Kelvin, z
the charge of the molecule, F the Faraday constant of 96.49 ·103 C ·mol−1 and ∆Ψ is the
electrochemical ion potential of 0.15-0.18V [258]. The charge of protons and sodium ions
are both 1 and the same electrochemical ion potential applies for both molecules and a temperature of 310 Kelvin (37 degrees Celcius). The H+ [in]/H+ [out] ratio was assumed to be
0.1, because the intracellular pH in methanogens is approximately 6.7 [101] and the optimal
extracellular pH of M. concilii is 7.6 [228]. Na+ [in]/Na+ [out] ratio was assumed to be 1 for
the calculations of the individual reactions.

Sensitivity analysis of the biomass reaction
Each metabolite in the biomass reaction in the genome-scale metabolic model of M. concilii
was assessed for its impact on the growth rate. To do this, the value of each metabolite in
the biomass reaction was altered by 1% and a new growth rate was calculated with FBA.
The sensitivity value is the change in percentage of the growth rate when the stoichiometry
of that metabolite is increased by 1%.

Results
Properties of the genome-scale reconstruction
The first draft of the genome-scale metabolic model of M. concilii from the semi-automated
reconstruction was not capable to synthesize all amino acids. It is however known that
M. concilii is capable to grow on a poor minimal medium, containing only acetate, salts,
vitamins and trace elements [175], suggesting that M. concilii contains all reactions that
results in biosynthesis of all amino acids. No gene-annotation was found for the missing
reactions. They are, however, implemented in the metabolic model to be consistent with the
physiological data. This resulted in the implementation of 23 non-gene associated reactions.
Since we focus here on the physiology, no attempts were made to try to identify the missing
genes, for example through bioinformatic context methods [72].
The metabolic model was compared with models of other methanogens: Methanosarcina
barkeri [62], a versatile acetate consuming methanogen, and Methanospirillum hungatei, a
hydrogentrophic methanogen (Figure 3.2). The comparison shows that 394 reactions are
similar in all methanogens. M. barkeri has 123 unique reactions, which are not present in
the other two methanogens. M. barkeri is more versatile and is also more widely studied and
this may explain the large amount of unique reactions. The majority of the reactions in M.
concilii are involved in amino acid metabolism and vitamin and co-factor metabolism. Sixteen reactions are present in the methanogenesis pathway, the only free-energy harvesting
pathway in the methanogens, which is consistent with other methanogens [62].
However, the most important differences between M. concilii and other methanogens are
in this methanogenesis pathway, which harvest free energy for growth via proton and sodium
translocation. Transfer of electrons are key in this process and therefore methanogens contain some special electron carriers, such as methanophenazine, which is found in Methanosarcina
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mazei [2] and plays an important role in Methanosaeta species [237]. Other electron carriers
are ferredoxin or ferredoxin-420 (f420).
The first reaction in the conversion of acetate to methane in M. concilii, that translocates protons or sodium ions over the membrane, is methyl-H4SPT: coenzyme M methyltransferase (MTSPCMMT): it catalyzes the conversion of coenzyme M to methylcoenzyme
M, thereby translocating sodium ions over the membrane. The stoichiometry of this reaction is on average 1.7 translocated sodium ions per converted coenzyme M, at least in
Methanosarcina mazei Gö1 [133]. We also used this stoichiometry for the methyl-H4SPT:
coenzyme M methyltransferase in our metabolic model.
The second reaction involved in proton translocation is heterodisulphide reductase (HDR),
which oxidizes methanophenazine and simultaneously transports protons over the membrane and converts heterodisulfide into coenzyme M and coenzyme B. This reaction is, similar as methyl-H4SPT: coenzyme M methyltransferase, conserved among the methanogens.
On average 1.8 protons per converted heterodisulfide are transported over the membrane
in Methanosarcina mazei Gö1 and this stoichiometry is also used for the heterodisulphide
reductase in our model [98].
The last reaction that transports protons over the membrane in M. concilii is different from
the other methanogens. This reaction involves the reduction of methanophenazine, which is
oxidized by heterodisulphide reductase. For most methanogens, intracellular H2 is formed
with Ech hydrogenase [150]. The formed H2 diffuses out of the cell where it is immediately
oxidized via F420-non-reducing hydrogenase [68]. Protons can be transported over the
membrane in both reactions. Another strategy oxidizes ferredoxin by reducing NAD+ with
the Rnf complex and thereby transporting protons or sodium ions over the membrane. This
reaction is found in Methanosarcina acetivorans [211]. However, no hydrogenases or Rnf
genes were found on the genome of M. concilii or other Methanosaetaceae and therefore
another mechanism for methanophenazine reduction is required. M. concilii contains all
subunits of the F420H2 dehydrogenase (F4D), except the FpoF subunit. It was speculated
that instead of ferredoxin-420, reduced ferredoxin is oxidized by methanophenazine [257],
thereby translocating protons over the membrane; this reaction was implemented into our
model.
The metabolic model of M. concilii was manually curated, but simulation of growth was
not achieved under conditions where this methanogen is known to grow. It was unclear how
this species can harvest sufficient free-energy for growth. The proposed hypotheses; the
coupling of the inorganic pyrophosphatase with proton translocation, an unidentified proton
translocating enzyme and an incorrrect assumed proton and sodium translocating stoichiometry of several enzymes, are experimentally very challenging to test and therefore, we tested
these hypotheses with the model.

Regeneration of pyrophosphate
The primary aspect of the metabolism of M. concilii that is not fully understood is that apparently two free-energy containing Pi bonds - in this case ATP -, and not one as in other
methanogens, is invested at the activation of acetate. The extra ATP investment has to be
returned somewhere. The current assumption in the field is that the pyrophosphate is hydrolyzed and that the released free-energy is dissipates as heat. Since this scenario would
not generate enough ATP for growth, we investigated the possibility of an unknown reaction that efficiently uses this free energy. First, we investigated what size of the flux this
unknown reaction should minimally have for growth of M. concilii. If the reaction carries a
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Figure 3.2: Most reactions of M. concilii are similar to other methanogens

high flux, than this unknown reaction should be present in the methanogenesis pathway,
because model simulations of Methanosarcina barkeri show that is the only pathway that
carries a high flux [62]. If, on the other hand, the reaction requires only a low flux, this unknown reaction can be present in any part of the metabolism. We implemented a reaction
into the model that converts the pyrophosphate with AMP to phosphate and ADP and thus
is representative for efficient regeneration of pyrophosphate. We constrained the acetate
mmol
and varied the upper-bound of the pyrophosphate conversion reacuptake flux to -10 gDW
·h
tion to obtain the minimum flux that is required for growth. The minimum value we obtained
via this approach is 44% of the acetate uptake flux, indicating that such a reaction should
be in the core-metabolism of M. concilii, because fluxes towards biomass carry much lower
fluxes. The core-metabolism of methanogens, however, is extensively investigated and no
reaction with pyrophosphate as substrate is found in any of the methanogens studied so
far. Also no genes on the genome of M. concilii for such an enzyme was found. Other
organisms do have pyrophosphate utilizing enzymes in the core-metabolism, such as the
pyrophosphate-dependent phosphofructokinase that phosphorylates fructose-6-phosphate,
which is found in Caldicellulosiruptor saccharolyticus [23] and Amycolatopsis methanolica
[7]. Also the pyrophosphate-dependent pyruvate phosphate dikinase that catalyzes the conversion of pyruvate to phosphoenolpyruvate exists, in Entamoeba histolytica [204] and Giardia lamblia [64]. This shows that it is possible to have pyrophosphate-dependent enzymes
in the core-metabolism, but based on known gene sequences this does not appear to be the
case for methanogens.

Proton translocation during the pyrophosphatase hydrolysis reaction
A second hypothesis is that the hydrolysis of pyrophosphate by a pyrophosphatase is combined with proton translocation over the membrane. This requires a membrane bound pyrophosphatase. In the genome of M. concilii no membrane bound pyrophosphatase is found,
but experimentally it is shown that up to 5% of the pyrophosphatase is found in the membrane [103]. Therefore, we tested the hypothesis that hydrolysis of pyrophosphate in combination with proton translocation over the membrane is sufficient for growth. As the amount of
possible protons translocated is unknown, we varied the stoichiometry and investigated how
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much is required for growth (Figure 3.3). More than 1.8 protons per hydrolyzed pyrophosphate should be translocated over the membrane to achieve growth in M. concilii and this
value is independent of the growth-associated maintenance value (GAM); the amount of ATP
required to produce one gram dry weight biomass. The reason why this value of 1.8 protons
per hydrolyzed pyrophosphate is independent of the GAM value is that above this value more
ATP can be produced than what is required to convert acetate to methane. The excess ATP
can then be used to produce biomass and the GAM would only influence how much biomass
can be produced. The GAM only influences how fast M. concilii can grow on acetate. Its
sensitivity on growth and the sensitivity of the other components in the biomass reaction are
calculated and discussed in the appendix. The calculated Gibbs free energy of pyrophosphate hydrolysis is -30.3 kJ/mol [46], but would only allow for the translocation of 1.3 to 1.5
protons per hydrolyzed pyrophosphate when we assume a 10 times higher extracellular proton concentration relative to the intracellular proton concentration and a ∆Ψ between -0.18V
and -0.15V. However, a ten-fold increase of pyrophosphate concentrations would result in
an improvement of 5.7 kJ/mol for the reaction, which allows for a higher proton translocation
stoichiometry. Though no intracellular pyrophosphate and phosphate concentrations have
been determined in methanogens, the pyrophosphate concentration is ten times lower than
the free phosphate concentration in the algae Characorallina. If the same concentrations
apply for M. concilii, this would suggest that even less than 1.3-1.5 protons can be translocated over the membrane. Obviously, also the value of the proton motive force influences
the amount of protons translocated over the membrane. Small changes in these properties
could potentially result in growth. The conditions where in silico growth can be achieved are
shown in figure 3.4 and shows that a high PPi/Pi ratio and a low H+ (out)/H+ (in) ratio results
in growth.

Efficient ATP-synthase
The next hypothesis is that the amount of protons required for the synthesis of one ATP
is different than previously assumed. The ATP-synthase of the methanogens are different
from bacteria: where bacteria have a F1 Fo ATP-synthase methanogens have a A1 Ao ATP
synthase. The latter is known for its wide diversity in size of rotor subunits, and also can
use sodium ions for ATP synthesis. Four protons or sodium ions are required to synthesize
one ATP for methanogens [51]. This stoichiometry is used in all genome-scale metabolic
reconstructions of other methanogens and we implemented this stoichiometry also in our
reconstruction, but this did not support growth in the model, as explained. Therefore, we
altered the stoichiometry of the protons required for ATP synthesis systematically and identified at what stoichiometry simulated growth occurred (Figure 3.5). The amount of protons
required for the formation of one ATP was 3.25. The stoichiometry of three protons per ATP,
which is normal for most microbial species, would therefore be sufficient for growth. However, the structure of the ATP-synthase protein is important for the amount of protons or
sodium ions required for the synthesis of one ATP. It is assumed that methanogens have a
rotor with 12 ion-translocating groups and three ATP binding sites and therefore require four
protons for ATP synthesis. This structure of the ATP-synthase will not allow three protons
per synthesized ATP. Therefore, a more efficient ATP-synthase may not be a likely scenario
for growth of M. concilii.
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Figure 3.3: Exploring stoichiometries of proton translocating pyrophosphatase. The
growth associated maintenance (GAM) is on the x-axis and the proton translocating stoichiometry of the PPase on the y-axis. The GAM is the amount of ATP required for the
production of biomass. The growth rate is dependent on the value of GAM, which is unknown for M. concilii. Therefore, a wide range of values for GAM is chosen to investigate
the impact on the growth rate. However, how many protons should be translocated over the
membrane for growth of M. conilii is independent of the GAM value.

Figure 3.4: Conditions where pyrophosphatase can transport sufficient protons for
growth. Phosphate concentrations, the electrochemical ion potential and the proton concentrations were varied to find the combination that resulted in growth.
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Figure 3.5: Lower proton stoichiometry of ATP results in growth.

Efficient proton/sodium translocation
The stoichiometry of the translocated protons and sodium ions during methane synthesis is
based on experimental evidence on closely related methanogens. However, these experiments have not been carried out on M. concilii. Therefore, another hypothesis is that the
assumed stoichiometry is incorrect and differs from other methanogens. It is also possible that the experimentally calculated stoichiometry is incorrect, because these experiments
are experimentally very challenging and prone to errors. We varied the stoichiometry of the
three proton/sodium translocating reactions and investigated which stoichiometry is required
for growth (Figure 3.6).
Firstly, we investigated the stoichiometry of the MTSPCMMT reaction. In metabolic reconstructions of other methanogens, 1.7 sodium ions per converted coenzyme M are transported over the membrane. In figure 3.6 growth can be simulated only when three sodium
ions are translocated over the membrane. This means that the efficiency of this reaction
0
should increase 75%. However, the ∆G 0 = −29,7 kJ/mol [133], would only be sufficient to
translocate between the 1.7 and 2.1 sodium ions per converted coenzyme M, assuming an
equal intracellular and extracellular sodium concentration and an electrochemical ion potential between -0.15V and -0.18V [258]. Three sodium ions per converted coenzyme M can be
translocated if the sodium concentration inside the cell is approximately ten times higher than
the extracellular sodium concentration. However, in Escherichia coli the intracellular sodium
concentration is 25 times lower relative to the extracellular sodium concentration[32], indicating that secretion of three sodium ions per converted coenzyme M is a scenario that is
unlikely to occur.
Secondly, the stoichiometry of the HDR reaction is investigated, which in other metabolic
reconstructions of methanogens transports 1.7 protons over the membrane per oxidized
methanophenazine. In our simulations, growth only occurs when 3.3 protons or more are
transported over the membrane, which is an increase of 94% in efficiency. The Gibbs free
energy under standard conditions is -55 kJ/mol [18]. The intracellular pH in methanogens
is approximately 6.7 [101] and the optimal extracellular pH of M. concilii is 7.6 [228]. However, this proton concentration difference only allows for translocation of 2.4 to 2.7 protons
per oxidized methanophenazine, which is not sufficient for growth. However, the ratio of
oxidized and reduced methanophenazine also influences the amount of protons that can be
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translocated, but no known ratios could be found in the literature. In our calculations the
methophenazine(reduced/oxidized) should be 5000 to get sufficient energy to transport 3.3
protons over the membrane.
The last important reaction involved in proton translocation is F4D, which transports two
protons per reduced methanophenazine over the membrane in genome-scale metabolic reconstructions of other methanogens. However, in these methanogens reduced f420 is used
as an electron donor, which is most likely not the case for M. concilii, because F4D of the
closely related Methanosaeta thermophilus showed no catalytic activity when reduced f420
was used as an electron donor [257]. The authors of that study hypothesize that instead
of reduced f420, reduced ferredoxin is the electron donor in this reaction. Ferredoxin has a
lower standard reduction potential (-500 mV compared to -360 mV for f420), This allows for
a larger Gibbs free energy difference (-64.7 kJ/mol when ferredoxin is used instead of -37.7
kJ/mol in the case of f420) and therefore, more protons could be translocated (3.3 protons
instead of 1.9, respectively, when we assume a H+ [in]/H+ [out] ratio of 0.1 and an electrochemical ion potential b tween -0.18V and -0.15V). They hypothesize that 3-4 protons can
be transported over the membrane in this process. In our simulations 4.3 protons have to
be transported to simulate growth, which is higher than this suggested thermodynamically
maximum.
Altering the stoichiometry of the most important reactions in the proton and sodium
translocation only results in growth when the stoichiometry is increased beyond the thermodynamical maximum assuming that all substrates and products are present in equal concentrations. So increasing the stoichiometry of one reaction will most likely not be the strategy
for M. concilii for growth. It is however, possible that each reaction has a slightly improved
efficiency, which could then result in growth; (Figure 3.6B) shows that combinations in the
stoichiometry of the proton and sodium ion translocating reactions results in in silico growth.
Growth of M. concilii is also shown when the proton and sodium ion translocating reactions
perform at their thermodynamic maximum, where we assume a H+ (out)/H+ (in) ratio of 10,
electrochemical ion potential of -0.18V and equal intracellular and extracellular sodium ion
concentrations. This shows that small changes in stoichiometry, but within the boundaries
of what thermodynamically is feasible, could result in growth of M. concilii.
The calculated stoichiometries of the proton and sodium ion translocating reactions were
not whole numbers. Most reactions, such as ATPase require whole numbers for their reaction, because of the conformation of the enzyme. In this study we started with experimentally
determined stoichiometries that, most likely because of experimental errors, were not whole
numbers. Although the maximum amount of protons or sodium ions per reaction that can
be translocated over the membrane is not a whole number, figure 3.6B shows that 3 translocated protons with F4D, 2 with HDR en 2 with MTSPCMMT would result in in silico growth.

Discussion
Here, we reconstructed a genome-scale metabolic model of the mesophilic methanogen M.
concilii to gain insight in the energy conservation strategy of this peculiar methanogen. So
far, it was unknown how M. concilii could conserve its energy efficiently enough to grow
on acetate. We chose for the reconstruction of a genome-scale metabolic model, because
such models take all energy generating and energy consuming reactions into account [236].
Through this, we get a complete picture of the strategy that is required for energy conservation in M. concilii. This approach has the advantage that it can investigate the impact
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Figure 3.6: Exploring stoichiometries of proton translocating reactions. A shows how
many protons have to be translocated for growth for the three important sodium and proton
translocating enzymes individually. B shows the possible proton translocation stoichiometries of the three different enzymes together. The maximum limit of each axis is the maximum
amount of protons translocated based on the thermodynamic analysis and figure B shows
that growth of M. concilii can occur within those thermodynamic limits.

of changes in stoichiometry of specific reactions on the flux distribution inside the organism. The impact of each molecular reaction and its stoichiometry can be systematically
tested and is complimentary with approaches that are based on thermodynamics. Thermodynamics show that M. concilii can produce ATP during methanogenesis on acetate and the
genome-scale metabolic model can be used to identify the molecular mechanisms that allow
for growth. In this case it is the identification of the required stoichiometry of the proton or
sodium translocating reactions that result in growth.
We tested several hypotheses; based on the analyses we suggest that the most likely
scenario for growth of M. concilii on acetate is that the reactions involved in proton and
sodium translocation are more efficient than implemented based on measurements in other
methanogens. The initial stoichiometries were based on experiments carried out on Methanosarcina
mazei Gö1. However, determining such stoichiometries is experimentally very challenging
and the in vivo stoichiometry can deviate from the measured in vitro one. Additionally, the intracellular conditions of M. concilii can be different relative to the conditions inside M. mazei
Gö1 and thereby affecting the amount of protons translocated over the membrane. For instance, the electrochemical ion potential or intracellular pH can be different. Therefore, we
calculated the maximal amount of protons translocated per reaction based on thermodynamics of these reactions. We show that in silico growth is possible when the three reactions
involved in proton and sodium translocation are within their boundaries of what is thermodynamically possible. One of the major assumptions we made is that the electrochemical ion
potential of M. concilii is between -0.15V and -0.18V. Changes in this electrochemical ion
potential is inversely related with the amount of protons that can be translocated over the
membrane.
Our combination with a genome-scale metabolic model and a thermodynamic analysis
allowed us to assess different scenarios at a molecular level. As this is necessarily based
on thermodynamics under standard conditions -for lack of intracellular metabolite levels- the
conclusion which scenario is the most likely will require the actual concentrations and proton
motive force. Given the estimates, however, we think that the scenario where the proton and
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Table 3.1: Sensitivity analysis of the biomass reaction. The components that have the
biggest influence are listed. The sensitivity analysis is based on 1% change of that metabolite in the biomass reaction and the percentage that it affects the optimal objective value.
Metabolite
Glycine
Leucine
Valine
ATP
Lysine
Phenylalanine
Arginine
Isoleucine
UTP
CTP
Alanine
Tyrosine
Glutamine
Glutamate
Proline
Asparagine
GTP

Sensitivity
-1.60
-0.67
-0.48
-0.47
-0.41
-0.40
-0.39
-0.37
-0.32
-0.31
-0.30
-0.30
-0.28
-0.26
-0.22
-0.21
-0.21

Metabolite
Threonine
Aspartate
3hdpgpi
Serine
3hdpgp
3hdpgps
3hdpgpg
dctp
datp
3hdpgpe
dgtp
dpgps
dttp
nad
dpgpg
dpgpe

Sensitivity
-0.19
-0.16
-0.15
-0.13
-0.12
-0.12
-0.11
-0.05
-0.03
-0.03
-0.02
-0.01
-0.01
-0.01
-0.01
-0.01

sodium translocating enzymes are more efficient than measured in other methanogens is
most likely the most plausible strategy for growth of M. concilii. In any case, genome-scale
models can be useful to draw likely and less likely scenarios, some of which will be readily
amenable to experimental validations.

Appendix
The sensitivity of the biomass function
In our analysis we state that the value of GAM does not influence whether the species will
show in silico growth or not, but only influence the growth rate. The GAM is part of the
biomass function, but also comprises amino acids and other precursors for the synthesis of
biomass, which also influence the in silico growth rate. In our simulation we optimize for maximum formation of biomass. We used the biomass function of the genome-scale metabolic
reconstruction of Methanosarcina barkeri [62], but we are aware that every species has its
own particular biomass composition. Therefore, it is important to understand the impact of
a wrong biomass composition on the calculated flux distribution. A sensitivity analysis is
performed on all the metabolites in the biomass function and the results are shown in table
3.1.
The objective function was, not surprisingly, sensitive to changes in the composition of
all amino acids and ATP in the biomass reaction.
The growth rate of M. concilii is influenced mostly by glycine in the biomass reaction.
This was surprising, because the only way for M. concilii to make glycine is via serine, and
serine has a sensitivity of only -0.13 relative to a sensitivity of -1.6 for glycine. Therefore,
the conversion of serine and tetrahydrofolate (thf) to glycine and methylenetetrahydrofolate
(mlthf) must be the source of the high sensitivity. This is probably caused by the nature of a
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genome-scale metabolic model, because all metabolites in the network have to be balanced
to fulfill the steady-state assumption. The growth rate will be influenced when one of the
metabolites in the reaction cannot be properly balanced in the model. This is the case
for mlthf in the reaction where serine is converted to glycine, because there are only two
other reactions in the genome-scale metabolic model that utilize mlthf, which are thymidylate
synthase and methylenetetrahydrofolate dehydrogenase (NAD). These two reactions do not
carry a flux during the optimization, because their downstream products cannot be balanced
properly. Implementation of a mlthf transport reaction to the extracellular space, to create an
extra reaction for the balancing of mlthf, decreases the sensitivity of glycine in the biomass
reaction, which suggests that the calculated high sensitivity of glycine is a model artifact.
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Abstract
The use of genome-scale metabolic models to study microbial ecosystems increases. Often,
the genome-scale metabolic model is first curated with data of pure culture experiments.
We investigate how metabolic models curated in such a manner can predict the metabolic
behaviour of the corresponding species in a community when product inhibition occurs in
the ecosystem. Therefore, we grew the H2 -producing C. acetobutylicum with three different
H2 -consuming organisms to investigate how we can simulate H2 inhibition in a microbial
community.
We found that the product yield of C. acetobutylicum was dependent on the rate of H2
removal. Metabolic network analysis and thermodynamic calculations indicate that C. acetobutylicum grew suboptimal in all conditions. We hypothesize that H2 inhibits particular enzymes causing shifts in metabolic fluxes and changed product yields. We used the metabolic
network model to identify enzymes that are potential targets for H2 inhibition; we found 6 of
those (out of 745 reactions). Model-implementation of inhibition of ferredoxin hydrogenase
and ferredoxin-NAD(+) reductase activity by H2 resulted in simulations of the metabolic behaviour of C. acetobutylicum in the different co-cultures that were consistent with the experimental data.
We conclude that H2 inhibition of C. acetobutylicum can only be predicted with implementation of inhibition terms on ferredoxin hydrogenase and ferredoxin-NAD(+) reductase. This
study shows that kinetics, in this study H2 inhibition, is important in microbial ecosystems
and should be taken into account when microbial communities are studied with genomescale metabolic models.

Introduction
Genome-scale metabolic models are used more and more often to study microbial ecosystems; they can integrate meta-omics data and provide physiological insight even though
kinetic information of the intracellular reactions is not required. Such models have been
successfully used for single species to find, among others, metabolic engineering targets
[176] and understand energy conservation strategies [62, 141]. Other type of questions are
relevant when genome-scale metabolic models are used to study a microbial ecosystems.
Very relevant ones are: ’How do the species interact with each other?’ or ’What species is
the most important species in the community?’.
The genome-scale metabolic model of a species is generally manually curated and validated against physiological data of pure culture experiments. Several studies indicate that
the metabolism of a species changes when it grows together with other species [20, 188].
We investigated how the genome-scale metabolic model of C. acetobutylicum has to be adjusted to predict its metabolic activity in a microbial community. For this purpose we used
the Gram-positive anaerobe C. acetobutylicum, which is a model organism of the Clostridiae.
They are responsible for one of the most important process in the carbon-cycle called ’anaerobic digestion’. Anaerobic digestion is a collection of processes where organic matter is
anaerobically degraded into biogas. Clostridiae degrade complex carbohydrates and sugars
in this process and is frequently found in anaerobic digestors [212, 131, 261]. As side products they produce weak acids and H2 that are consumed by other species in the ecosystem.
Such metabolic interactions between community members determine the performance of
the biogas reactor [138, 241]. Besides being an important player in the carbon-cycle in a
microbial community, Clostridiae are also industrially important as mono-culture, because of
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their acetone-butanol-ethanol fermentation process [225, 110]. Therefore, several genomescale metabolic models were constructed to get a better insight into the physiology of this
species [217, 124, 206, 147].
We investigated the applicability of the genome-scale metabolic model of the H2 -producing
Clostridium acetobutylicum for ecosystem modeling by co-cultivating C. acetobutylicum with
three different H2 consuming organisms. H2 is an important metabolite in biogas reactors,
for different reasons; it can be used as a substrate for other species, it can be used as a
renewable energy source and H2 inhibits microbial growth. C. acetobutylicum produces H2 ,
acetate, butyrate, formate and lactate during exponential growth at neutral pH. One study on
Clostridium cellobioparum found that elevated H2 concentrations decreased the growth rate
[38]. Removal of H2 by the methanogen Methanobacterium ruminantium resulted in lower
formate, lactate, butyrate and ethanol concentrations, but increased acetate levels [38]. A
lower acetate/butyrate ratio at increased H2 concentrations was also shown for Clostridium
butyricum [246]. These results suggest that the metabolism of the Clostridiae is affected by
the H2 concentrations in the ecosystem. We tested whether C. acetobutylicum also shows
this metabolic behaviour during co-cultivation with H2 consuming organisms and if this can
be predicted with the genome-scale metabolic model

Material and methods
Strains and cultivation conditions
The pure cultures of C. acetobutylicum (DSM-792), were grown in Widdel based minimal
medium, containing the following components (per L): 1 g NaCl, 0.4 g MgCl*6H2 O, 0.1 g
CaCl*2H2 O, 0.25 g NH4 Cl, 0.5 g KCl, 0.59 g glucose*H2 O, 0.15 g cysteine, supplemented
with 1 mL of 100x RPMI-1640 vitamin solution (Sigma-Aldrich) and 1 mL of trace elements solution, containing (per L): 0.5 g EDTA, 3 g MgSO4 *7H2 O, 0.5 g MnSO4 *H2 O, 1
g NaCl, 0.1 g FeSO4 *7H2 O, 0.1 g Co(NO3 )2 *6H2 O, 0.1 g CaCl2 , 0.1 g ZnSO4 *7H2 O, 10 mg
CuSO4 *5H2 O, 10 mg AIK(SO4 )2 , 10 mg H3 BO2 , 10 mg Na2 MoO4 *2H2 O, 1 mg Na2 SeO3 , 10
mg Na2 WO4 *2H2 O, 20 mg NiCl2 *6H2 O and a 20 mM Na-phosphate buffer pH 7.0 was used
to maintain a stable pH. The final pH of the medium was 7.0. The medium was flushed
with a gas mixture of 10% CO2 and 90% N2 and resazurine (0.01 mg/L) was used as an
indicator for anaerobic conditions. The growth experiment was carried out at 37◦ C in 100
mL septum vials with rubber stoppers containing 50 mL of growth medium. To adjust the H2
concentrations in the inhibition experiment, a known gas volume was replaced by the same
gas volume of 10% H2 +90% CO2 . The three co-culture experiments with C. acetobutylicum
+ M. hungatei (DSM 864), C. acetobutylicum + M. barkeri (DSM 800) and C. acetobutylicum
+ W. succinogenes were carried out under the same culture conditions, with the exception
that 10 mM NO3 was added to the C. acetobutylicum + W. succinogenes co-culture. The
three co-cultures were pre-grown before the actual experiment for more than 20 generations
to create a stable co-culture.

Metabolite analysis
Supernatant from the batch cultivation was filtered through a 0.2 m polyethersulfone (PES)
filter and stored at -20 ◦ C until further processing. Samples were analyzed for fermentation
products (i.e. formate, succinate, acetate, propionate, lactate, and butyrate) by high performance liquid chromatography (HPLC). CH4 measurements were carried out by taking 100
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L gas sample from the head space and was immediately analyzed on a Shimadzu GC2010
system equipped with a Rtx-1 column (30m*0.32mm, 75◦ C) and a flame ionization detector
(FID). Helium was used as a carrier gas and the pressure was 80.8 kPa. CO2 and H2 measurements were carried out by taking 200 L gas sample from the head space and the gas
was immediately analyzed on a HP-5890 GC system equipped with a thermal conductivity
detector (TCD) and coupled to an HP-3396A integrator for data acquisition (Hewlett-Packard,
Wilmington, DE,USA). Gas samples were separated on a packed, stainless steel Porapak N
column (300x0.32cm, 80/100 mesh; Supelco Inc., Bellefonte, PA, USA). The oven temperature was 100 degrees Celcius and the carrier gas was argon with a flow of 30 mL/min.

Thermodynamic analysis
The genome-scale metabolic model of C. acetobutylicum was used to calculate the stoichiometry of the metabolites produced by C. acetobutylicum during glucose fermentation
when the biomass function was maximized. These stoichiometries were used to calculate
the Gibbs free energy during standard conditions at pH 7 (G◦ ’) with the standard free Gibbs
of formation values listed in table 4.3 according equation 4.1.
∆G◦0 = Σ∆G◦0products − Σ∆G◦0substrates

(4.1)

The Gibbs free energy from the reaction was corrected for the temperature of 37◦ C and
the experimentally-determined metabolite concentrations (see table 4.3) according equation
4.2.
Q ni
i cproducti
◦0
(4.2)
∆G = ∆G + RT ln Q ni
i csubstratei
Here the ∆G◦0 is the value that is calculated at equation 4.1, R is the gas constant of
8.314·10−3 kJ·mol−1 ·K −1 , T the temperature in Kelvin. The H2 concentration was varied
during the thermodynamic analysis to investigate the effect on the Gibbs free energy.

Genome-scale reconstruction of Methanospirillum hungatei and Dynamic Flux Balance Analysis simulations
A draft version of the genome-scale reconstruction of M. hungatei was constructed by comparing the Genebank file from the NCBI website with the already reconstructed genomescale metabolic models of Escherichia coli, Methanosarcina barkeri, Helicobacter pylori,
Mycobacterium tuberculosis and Staphylococcus aureus using the FiJo software (http://fa-m-e.org/fijo/). The first draft metabolic model was further manually curated using KEGG
[106], MetaCyc [31] and Brenda [33] databases and literature.
Flux Balance Analysis simulations were carried out on genome-scale metabolic reconstructions using the free PySCeS CBMPy software version 0.7.0 (http://cbmpy.sourceforge.net/)
[168] based on the method by Zhuang et al. [273]. The genome-scale metabolic model of
C. acetobutylicum created by Salimi et al [206], the genome-scale metabolic model of M.
barkeri created by Gonnerman et al. and a metabolic model of W. succinogenes described
in chapter 5 were used for the simulations. To create a co-culture in silico, shared metabolites between species with corresponding exchange reactions were assigned. The uptake
kinetics of the substrates were based on Michaelis-Menten kinetics and are dependent on
the maximum substrate uptake rate, substrate affinity (Ks) and extracellular substrate conS
centration, according to : Supt = Suptmax S+K
, for calculating the substrate uptake rate of one
s
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organism. Since the Suptmax and Ks are difficult to obtain experimentally, the in silico kinetics
were fitted with the experimental kinetics. The starting values of the simulations were set
as the experimentally obtained starting values of the co-culture batch fermentation. Maximization of the biomass flux was set as the objective function. See appendix for all imposed
constraints.

Results
H2 concentrations alter the metabolic behaviour of C. acetobutylicum
Co-culturing C. acetobutylicum with three different H2 -consuming organisms resulted in changing metabolic profiles (Table 4.1). Low H2 levels were accompanied by a decrease in butyrate
concentration and an increase in the acetate concentration, which is consistent with the
metabolic behaviour of other Clostridial species when H2 was removed [38, 246]. We excluded that NO3 , which is required for growth of W. succinogenes, affected the metabolism
of C. acetobutylicum by cultivating C. acetobutylicum in pure culture with NO3 and we measured no changes in the butyrate/acetate ratio. The results suggest that H2 removal causes
the change in metabolic behaviour of C. acetobutylicum. However, other interactions between C. acetobutylicum and W. succinogenes could potentially have caused the change in
metabolic behaviour as well; therefore, we removed H2 abiotically in a pure culture experiment with C. acetobutylicum.
Abiotic H2 removal also resulted in a change of metabolism. The butyrate/acetate ratio
decreased when the gas was sparged only through the headspace, but decreased further
when the gas was sparged through the liquid (Table 4.1). H2 could not be measured, because the liquid was continuous sparged with a 10% CO2 and 90 % N2 gas mixture which
resulted in unmeasurable H2 concentrations. This result indicates that the metabolism of
C. acetobutylicum is affected by the H2 concentration and not by other interactions between
C. acetobutylicum and W. succinogenes. Also the CO2 concentration does not play a role,
because in the three co-culture the CO2 concentrations were all similar and still there was a
change in butyrate/acetate ratio. Acetate and butyrate yield on glucose was not measured,
because continuous sparging of the medium also results in the evaporation of the acids. In a
separate experiment we determined that more butyrate than acetate is vaporized when gas
is sparged through the liquid. Therefore, the determined butyrate/acetate ratio is probably
lower than the in vivo ratio. Elevated H2 concentrations on the other hand, had no effect on
the butyrate/acetate ratio.
We showed that H2 concentrations affect the metabolism of C. acetobutylicum in a community. Now, we wanted to know whether the genome-scale metabolic model of C. acetobutylicum is capable to predict this change in behaviour and if not, how we have to adjust
the model to simulate the change in metabolic behaviour at different H2 concentrations.

Metabolic network analysis of C. acetobutylicum reveals suboptimal
behaviour
Even though butyrate production was found experimentally, it was not predicted by the
genome-scale metabolic models of C. acetobutylicum when the biomass production rate
was maximised with a constrained glucose uptake rate. Various genome-scale metabolic
models of C. acetobutylicum have been reconstructed and they all differ in the amount of reactions and metabolites incorporated into the model [206, 147, 124, 217], but none of them
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Table 4.1: The measured effect of H2 concentration and butyrate and acetate production of C. acetobutylicum. N.M. is not measured.

C. acetobutylicum
C. acetobutylicum +
M. barkeri
C. acetobutylicum +
M. hungatei
C. acetobutylicum +
W. succinogenes
C. acetobutylicum +
gas through
headspace
C. acetobutylicum +
gas through liquid

Maximum
measured H2
concentration
(mM)
2.98

Butyrate/Glucose Acetate/Glucose
yield
yield

Butyrate/Acetate
ratio

0.77

0.21

3.50

3.77

0.72

0.21

3.37

2.71

0.72

0.31

3.14

0.00

0.30

1.17

0.26

N.M.

N.M.

N.M.

2.58

N.M.

N.M.

N.M.

1.49

would predict butyrate production when only glucose uptake was constrained. Acetate, H2
and CO2 production was predicted, which yields 4 ATP per glucose, whereas butyrate production yields only 3 ATP per glucose. Butyrate production is not predicted by the model
because it is suboptimal, it leads to a lower ATP yield on glucose than production of acetate,
H2 and CO2 does. It is well known that FBA predicts highest-yield flux distributions, which
are not always the observed fluxes, especially in fermentative metabolism [236].
The co-culture of C. acetobutylicum and W. succinogenes produces more acetate and
less butyrate relative to the other co-cultures and the pure culture of C. acetobutylicum.
Therefore, based on the metabolic network stoichiometry the co-culture with W. succinogenes behaves closer to the optimal in silico behaviour relative to the other conditions (Figure4.1A). These results suggest that H2 inhibits growth of C. acetobutylicum, as it does in
Clostridium cellobioparum [38]. The genome-scale metabolic model of C. acetobutylicum
cannot predict this shift in metabolism during H2 removal, because none of the flux constraints are H2 -dependent in its current form.
It is known that H2 plays an important role in metabolic interactions in anaerobic ecosystems, especially during syntrophic interactions between community members. These interactions require low H2 concentrations, because high H2 concentrations would limit growth of
the H2 producing species based on thermodynamics. High H2 concentrations could result
in a higher ∆G or could even result in a positive value of the ∆G. In our co-culture, more
butyrate is produced when H2 partial pressure is high and more acetate is produced when
H2 partial pressure is low and this behaviour might also be explained with thermodynamics.

Thermodynamic analysis does not explain the metabolic behaviour of
C. acetobutylicum
Therefore, we wanted to calculate the overall Gibbs free energy difference of glucose fermentation. When glucose is fully converted to acetate it yields 2 acetate, 2 CO2 and 4 H2
and when glucose is fully converted to butyrate it yields 1 butyrate, 2 CO2 and 2 H2 . We also
wanted to know the stoichiometries of glucose fermentation at different butyrate/acetate ra52
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tios and for this we used the genome-scale metabolic model of C. acetobutylicum to calculate
the stoichiometry of the uptake and secretion reactions of the most important metabolites:
glucose, acetate, butyrate, H2 , CO2 , H2 O and protons at different butyrate/acetate ratios
when we maximize the growth rate. An example to calculate the overall Gibbs free energy
difference of the glucose fermentation reaction with a butyrate/acetate ratio of 0.97 is shown
in the supplements. The glucose consumption rate and the butyrate/acetate ratios were constrained in the model. The calculated stoichiometries from the metabolic model were used
to calculate the overall Gibbs free energy difference of glucose fermentation by C. acetobutylicum at standard conditions according to equation 4.1. From the calculated Gibbs free
energy difference at standard conditions, we calculated the Gibbs free energy difference of
glucose fermentation at experimental conditions according to equation 4.2. Besides using
the experimental metabolite concentrations, we also varied the H2 concentration in this calculation to investigate the impact of H2 (Figure 4.1)(see Table 4.3 for concentrations and
Gibbs free energy of formation values used).
All combinations of butyrate/acetate ratios and H2 concentrations resulted in an overall
negative Gibbs free energy difference, confirming that butyrate and acetate can be produced
spontaneously from glucose in those conditions (figure 4.1). The calculated values are in
the same range as previous calculations of anaerobic glucose fermentation [123]. The values are so negative and therefore the driving force of acetate production from glucose is
so big that H2 inhibition on acetate production, resulting in butyrate production, is not possible. However, H2 could also work locally on enzymes where H2 is involved. One of these
enzymes in C. acetobutylicum is ferredoxin hydrogenase (FRHD), which catalyzes H2 and
thereby oxidizing ferredoxin. The ∆G◦0 of this reaction is +3 kJ/mol, but at 1 Pa H2 the ∆G
becomes negative: -26 kJ/mol [227], indicating that H2 concentrations can affect locally on
reactions. However, we do not know the metabolite concentrations that are involved in this
reaction, but we can use the genome-scale metabolic to find the impact of H2 inhibition on
this reaction on the metabolism of C. acetobutylicum.

Inhibition analysis reveals six reactions that can result in butyrate production
A possible explanation of the shift in metabolism is that H2 inhibits a particular enzyme
thermodynamically or kinetically. An example is the inhibition of nitrogenases in N2 fixating
microorganisms by H2 [187, 30]. We exclude H2 inhibition via thermodynamic backpressure
on the global level of the metabolism of C. acetobutylicum, but not yet on the local level.
The genome-scale metabolic model was used to carry out an ’inhibition analysis’ that
identifies reactions that resulted in butyrate production upon inhibition (Figure 4.2A). During
an inhibition analysis the substrate uptake flux is constrained to one value. Subsequently,
the objective function (the biomass function) is optimized and an optimal flux distribution is
calculated. We constrained the optimal flux value of one reaction to a value of 10% of the optimal value to simulate inhibition of that specific reaction and optimized the model again. This
was done for every reaction. We are interested which inhibited reaction results in butyrate
production, because we observed experimentally that more butyrate is produced when H2
concentration is high. A sensitivity analysis shows the relation between flux inhibition and
the metabolism of C. acetobutylicum of those enzymes (Figure 4.2B).
Inhibition of six reactions resulted in butyrate production. All identified reactions are involved in acetate production, in H2 production or are ferredoxin dependent. Inhibition in the
acetate pathway resulted in the redirection of carbon to the butyrate synthesis pathway, the
only other pathway that produces ATP from ADP. However, there is no evidence in the litera53
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Figure 4.1: A shows the influence of the butyrate/acetate ratio on the growth rate according
the metabolic model as a percentage compared to only acetate production. The coloured
symbols represent the experimental measured butyrate/acetate ratios during different conditions. B shows the Gibbs free energy as a function of the butyrate/acetate ratio and the H2
concentration. The coloured symbols represent the experimental measured butyrate/acetate
ratios and H2 concentration during different conditions.
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ture that H2 inhibits one of the enzymes in the acetate biosynthesis pathway. Inhibition of H2
production or ferredoxin-related reactions resulted in decreased ferredoxin oxidation rates.
Ferredoxin, like NADH, is a conserved moiety and is oxidized in the butyrate biosynthesis
pathway when crotonoyl-CoA is converted to butanoyl-CoA by an acyl-CoA dehydrogenase.
Also the sensitivity profiles are clustered by reactions in the same pathway. The reactions
involved in H2 production (’H2td’ and ’FRHD’) show that butyrate is produced when 50% of
the relative flux is reduced. As a side-effect, formate is produced at the cost of CO2 and
H2 . The reactions involved in acetate biosynthesis show a continuous increase in butyrate
production. Formate can be produced at the cost of CO2 production according the ’Flux
Variability Analysis’ (figure 4.4, 4.5 and 4.6).
One of the six identified reactions is a ferredoxin hydrogenase, which is known to be
inhibited by H2 , through H2 crowding in the gas channel [71]. In the metabolic model, inhibition of the hydrogenase causes the redirection of the electron flow from acetate biosynthesis
towards butyrate biosynthesis. Therefore, implemention of an inhibition term on the hydrogenase reaction could simulate the shift in metabolism. A second identified enzyme, the
ferredoxin-NAD(+) reductase, could indirectly be inhibited by H2 through the NADH/NAD
ratio. Ferredoxin-NAD(+) reductase is known to be a key enzyme for modifying the electron flow in C. acetobutylicum from the acidogenic to the solventogenic phase [179, 252,
78]. NADH is a known inhibitor of ferredoxin-NAD(+) reductase [180]; the NADH/NAD+ ratio is strongly influenced by the partial pressure of H2 , which could result in inhibition of
ferredoxin-NAD(+) reductase during elevated H2 concentrations. Accordingly to our knowledge, Ferredoxin hydrogenase and ferredoxin-NAD(+) reductase are the only two reactions
in the metabolism of C. acetobutylicum that can be potentially directly or indirectly inhibited by H2 . Therefore, we implemented a H2 inhibition term on both reactions to investigate
whether this results in the correct prediction of the metabolic behaviour of C. acetobutylicum
in a community.

Implementation of inhibition terms on both enzymes is required to predict the shift in metabolism
According to the above analysis, H2 inhibition of the ferredoxin hydrogenase and ferredoxinNAD(+) reductase reactions could result in the correct prediction of the metabolic behaviour
of C. acetobutylicum in a co-culture. We implemented this hypothesis into a dynamic FBA
model to describe the dynamics of co-cultures of C. acetobutylicum. We used the Km values
that were found in literature (Table 4.2), but the Vmax and Ki were manually adjusted to fit
the models with the experimental data. An inhibition term on only the hydrogenase reaction
resulted in the prediction of no butyrate production in the co-culture with W. succinogenes
(Figure 4.8). When no H2 is present, there is no inhibition of the enzyme, which results in
only acetate and no butyrate production. Therefore, one of the other six identified enzymes
that results in butyrate production when inhibited has to be already inhibited even when the
H2 concentration is low. Ferredoxin-NAD(+) reductase is inhibited by NADH and there is
always NADH present in the cell, which suggests that this enzyme is always partly inhibited.
Therefore, an inhibition term on ferredoxin-NAD(+) reductase is required (Figure 6.2). The
implementation resulted in the correct prediction of acetate, butyrate and H2 concentrations.
The CO2 profile is inconsistent with the experimental data. We cannot explain this behaviour
with the model, but it is known that C. acetobutylicum accumulates storage carbohydrates
up to 55% of the dry weight of the cells during the end of the exponential growth phase [192].
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Figure 4.2: Sensitivity analysis of the metabolism of C. acetobutylicum. In A six reactions are highlighted that results in butyrate production when they are inhibited. In B the
production rates of these six reactions are plotted against the percentage of inhibition on
those reactions. The growth rate during the inhibition of all reactions is slightly affected, but
is difficult to see because of the scaling of the axes. The FVA of these reactions are shown
in figure 4.5, 4.6 and 4.4.

Discussion
We used a genome-scale metabolic model to predict the metabolic behaviour of C. acetobutylicum in a microbial community. We show that in this particular ecosystem H2 concentrations in the environment affect the metabolic state of C. acetobutylicum. However, the
change in metabolism caused by H2 removal could not be predicted with the current genomescale metabolic models of C. acetobutylicum. Although Flux Balance Analysis (FBA) is a
useful tool in biology, it also has its limitations.
One of the limitations is the optimization for yield, while certain species try to optimize
for rate, such as lactic acid bacteria. Lactic acid bacteria produce lactic acid instead of
the energetically more favorable mixture of acetate, ethanol and formate, because they can
grow faster when they produce lactic acid to outcompete other species in the environment;
also known as tragedy of the commons. However, FBA would predict mixed acid fermentation. Therefore, other optimization criteria have been suggested to predict the metabolic
behaviour of a species [144]. Even a framework is developed that optimizes for entropy
production in metabolic networks [271]. Although different objective functions exist, not all
species grow optimally [213, 235].
Another limitation of FBA is that thermodynamics are not always taken into account. It
was, for instance, shown that the metabolism of some species are altered during different H2
concentrations [36, 40]. As explained before, changes in H2 concentration affects the Gibbs
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Figure 4.3: Predictions of the metabolic model when H2 inihibition is implemented on
ferredoxin hydrogenase and ferredoxin-NAD(+) reductase
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Table 4.2: Vmax and Km values from literature
Reaction name
FNOR2
FRHD

Enzyme name
FerredoxinNAD(+)
reductase
Ferredoxin
hydrogenase

Km

Organism

Reference

0.0065

Escherichia
coli

[256]

0.0000330.000088

C. acetobutylicum

[50]

free energy change of reactions and the metabolism can shift when the H2 concentration
changes. The metabolic behaviour of C. acetobutylicum cannot be explained by such a
thermodynamic analysis, as the overall Gibbs free energies appear too large to make a
large impact. It would only play an important role when the Gibbs free energy is close to 0.
Also the lack of kinetics in stoichiometric models is a limitation. This is overcome by the
development of dynamic FBA [143], which we also used in this study. However, introducing those kinetic properties complicate the genome-scale metabolic models, which are so
appealing because of their simplicity. It will also reduce the predictive power of the genomescale metabolic models as they become reliant on more parameters.
All these factors can potentially be important in microbial ecosystems. We could not predict the metabolic behaviour of C. acetobutylicum, but we used the genome-scale metabolic
model to find the potential molecular mechanisms that result in its phenotype in a microbial
community.
We hypothesized that H2 plays an important role in the metabolism of C. acetobutylicum.
Therefore, the genome-scale metabolic model of C. acetobutylicum was used to carry-out
an inhibition analysis. Only six out of 745 reactions were found that would result in butyrate prediction when inhibited. Inhibition of two reactions, the ferredoxin hydrogenase and
ferredoxin-NAD+:oxidoreductase, resulted in accurate prediction of the C. acetobutylicum
phenotype during co-cultivation with H2 -consuming organisms. Implementation of an inhibition term on a reaction in a genome-scale metabolic model has been previously done on the
glucose-uptake of Saccharomyces cerevisiae to correctly predict the phenotypic behaviour
in a co-culture [87]. This implementation would only have an effect in rates, but not in yields
in our system, because glucose is the only constraint in our metabolic model. However, in
our experiments we observed changes in yields and therefore, we implemented the inhibition term not on the glucose uptake reaction, but on the identified, internal, reactions. With
the implementation of a H2 inhibition term we could predict the metabolic behaviour of C.
acetobutylicum during co-culture growth.
As we have shown, microorganisms can be very unpredictable when they are interacting
with each other. Metabolism of species can be altered when they grow together with other
species [20, 188]. In those cases the metabolic models that are curated with pure culture
data will not always predict this change in the metabolic state of a species as we have shown
in this study. Therefore, we think that metabolic models are most useful in combination with
experimental data to infer the metabolic interactions in an ecosystem and quantify those
interactions, instead of predicting the metabolic behaviour of a community [85]. Another
strategy to use genome-scale metabolic models effectively, is to explore all potential interaction in a community, but that would be more a qualitative study instead of a quantitative
study, which we did in chapter 6. We do believe that metabolic models can be very helpful in
microbial ecology, but it is important to be aware of the applicability of the -often unavoidableassumptions.
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Conclusion
Curated genome-scale metabolic models, evaluated with data from pure culture experiments, is not sufficient for correct prediction of the metabolic behaviour of a species in a
microbial community. Changing the rate of H2 removal results in a change in product yields
of C. acetobutylicum and cannot be predicted by the curated genome-scale metabolic model.
Implementation of a kinetic parameter, in this case a H2 inhibition term on the ferredoxin hydrogenase and the ferredoxin-NAD(+) reductase reaction resulted in the correct prediction
of the metabolic behaviour of C. acetobutylicum in a co-culture. We conclude that due to the
dynamics of products and substrates in a microbial community, kinetic properties -product
inhibition in particular- can play an important role and these effects should subsequently
be included when genome-scale metabolic models are used to study microbial ecosystems.
Conversely, metabolic models can identify possible molecular targets of observed metabolic
shifts.
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Supplemental material
The genome-scale metabolic model was used for the thermodynamic analysis. Glucose
consumption was constrained to -1 mM/gDw*h and biomass was optimized during imposed
different butyrate/acetate production ratios. For each ratio, the ∆G◦0 was calculated according to equation 4.1 and using the calculated stoichiometries from the metabolic model. The
∆G was calculated from ∆G◦0 and the measured concentrations that are listed in table 4.3.
An example is shown below for a butyrate/acetate ratio of 0.98:1.
The overall calculated stoichiometry from the metabolic model is:

−1glucose → 0.503acetate + 0.49butyrate + 2.01H2 + 1.63CO2 + 0.27H2 O + 1.7H +

The massbalance does not close, because biomass is not taken into account.

∆G◦0 = (0.503 ∗ −369.4 + 0.49 ∗ −352.6 + 2.01 ∗ 0 + 1.63 ∗ −394.4 + 0.27 ∗ −237.2 + 1.7 ∗
−39.9) − (1 ∗ −917.2) = −216.1kJ/mol

The ∆G is now calculated according equation 4.2, but H+ and H2 O are not taken into
account, because these value are taken at standard conditions.
0.503 ∗0.000010.49 ∗0.00451.63 ∗0.0012.01

∆G = −216.1RT ln 0.00001
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Table 4.3: Metabolites with corresponding Gibbs free energy of formation at standard
conditions and concentrations being used for the thermodynamic analysis.
Component
Glucose
Acetate
Butyrate
CO2
H2
H2 O
H+

∆G◦ ’ (kJ/mol)
-917.2
-369.4
-352.6
-394.4
0
-237.2
-39.9

Concentration (M)
0.003
0.00001
0.00001
0.0045
Variable
Saturated
10− 7

Figure 4.4: Flux Variability Analysis of the sensitivity analysis of the H2 transport reaction. Thick lines represent the calculated flux value using regular FBA. The colour planes
represent the area between the minimum and maximum flux value calculated by ’Flux Variability Analysis’.
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Figure 4.5: Flux Variability Analysis of the sensitivity analysis of the acetate transport
reaction. Thick lines represent the calculated flux value using regular FBA. The colour
planes represent the area between the minimum and maximum flux value calculated by
’Flux Variability Analysis’.

Figure 4.6: Flux Variability Analysis of the sensitivity analysis of the FNOR2 transport
reaction. Thick lines represent the calculated flux value using regular FBA. The colour
planes represent the area between the minimum and maximum flux value calculated by
’Flux Variability Analysis’.
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Figure 4.7: Predictions of the metabolic model when no H2 inihibition is implemented
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Figure 4.8: Predictions of the metabolic model when H2 inihibition is implemented on
only ferredoxin hydrogenase

64

Chapter 5
Model-based quantification of metabolic
interactions from dynamic
microbial-community data
Mark Hanemaaijer, Brett G. Olivier, Wilfred F.M. Röling, Frank J. Bruggeman, Bas Teusink

Exploring the potential of metabolic models for the study of microbial ecosystems

Abstract
An important challenge in microbial ecology is to infer metabolic exchange fluxes between
growing microbial species from community-level data, concerning species abundances and
metabolite concentrations. Here we apply a model-based approach to integrate such experimental data and thereby infer metabolic exchange fluxes. We designed a synthetic anaerobic co-culture of Clostridium acetobutylicum and Wolinella succinogenes that interact via
interspecies hydrogen transfer and applied different environmental conditions for which we
expected the metabolic exchange rates to change. We used stoichiometric models of the
metabolism of the two microorganisms that represent our current physiological understanding and found that this understanding is sufficient to infer the identity and magnitude of the
metabolic exchange fluxes. Where the model could not fit all experimental data, it indicates
specific requirement for further physiological studies. We show that the nitrogen source influences the rate of interspecies hydrogen transfer in the co-culture. Additionally, the model
can predict the intracellular fluxes and optimal metabolic exchange rates, which can point
to engineering strategies. This study therefore offers a realistic illustration of the strengths
and weaknesses of model-based integration of heterogenous data that makes inference of
metabolic exchange fluxes possible from community-level experimental data.

Introduction
Microbial communities carry out important processes for the planet’s ecosystem, animal
health and industrial purposes. Engineering such communities is not straightforward; they
are generally composed of many interacting microorganisms, and they are highly dynamic.
Developing methods that relate the systemic properties of communities to the underlying
metabolic processes and interactions of the community members is a major challenge in
microbial ecology. Those interactions drive community behaviour, including its (in-)stability
upon environmental perturbations [42]. Metabolic interactions between community members
are widespread and generally considered to be the dominating interactions [49, 152, 226].
Current approaches focus mostly on correlation and co-occurrence of species members
for inference of community-interaction partners [60, 15]. These approaches importantly predict the community-interaction structure, even for large systems. It does not, however, inform
us about interaction mechanisms and their importance for species survival and community
properties. This can be achieved when we know the metabolic exchange fluxes between microorganisms; then we would capture both mechanism and importance of those fluxes, as
those can be linked to intracellular metabolic activities and growth. With this additional information we could rationally design approaches that alter community behaviour upon external
perturbations.
Unfortunately, quantifying metabolic exchange fluxes – metabolic interactions – directly
from experimental data is rarely possible. Generally, only net fluxes are inferred from dynamic metabolite levels measured at the community level that result from contributions of
many species. To determine the individual contributions of the those species, it has been
suggested that their metabolic capacities, expressed in terms of quantitative models, should
be integrated with experimental data [85]. Here we illustrate that this indeed allows for the
identification and quantification of metabolic interactions between microorganisms and that
those interactions are dependent on environmental conditions.
Our approach relies on stoichiometric models of metabolism and the linkage of the
metabolism of microbial species in the community. Stoichiometric modeling of the metabolism
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of single microorganisms have been developed in systems biology in the last two decades.
Recently, such models are being considered for microbial communities [267, 199, 116, 130],
but the number of studies that combine such metabolic models with experimental data is still
limited. The first study was performed by Stolyar et al. on a methanogenic co-culture [229]
and several other co-culture studies followed [206, 86]. Also, purely computational studies
investigated the potential interactions in a community [90], designed medium compositions
that enforces metabolic interactions [115] or calculated biomass ratios and fluxes under balanced growth conditions of microbial communities [109]. The focus of those studies was
mostly the prediction of the community phenotype. However, another application of those
models is to use them to infer metabolic exchange fluxes between microorganisms from
experimental data [85].
Here we demonstrate that we are able to quantify community interactions by combining
experimental data, consisting of biomass abundances and metabolite concentrations, with
stoichiometric metabolism models. For this purpose, we designed a synthetic co-culture that
serves as a model for anaerobic interspecies hydrogen transfer, which is one of the driving
forces in the anaerobic digestion process, and allows for tunable metabolic interactions by
changing the environmental conditions. Quantification of the metabolic interactions contributes to identifying how this important process can be improved. Although synthetic communities are not as complex as natural ecosystems, they have shown to be useful for microbial ecologists to examine ecological theories, such as the influence of community evenness
on the functionality of a community [263]. Additionally, synthetic communities are used to
improve industrial applications, such as bioremediation [178] or bioethanol production [177].
The co-culture we designed consists of the anaerobic bacteria Clostridium acetobutylicum
and Wolinella succinogenes. C. acetobutylicum produces H2 that subsequently is consumed
−
+
−
by W. succinogenes to reduce nitrate (NO−
3 ) into nitrite (NO2 ) or ammonium (NH4 ). NO2
+
or NH4 can act as a nitrogen-source for C. acetobutylicum. We varied the nitrogen source
to vary the metabolic interactions in the community, which we subsequently inferred, using
a model and experimental data. This study illustrates how the integration of a model, representing our knowledge about the metabolism of the two species, with experimental data
leads to the quantification of metabolic exchange fluxes.

Material and methods
Strains and cultivation conditions
Co-culture experiments of Clostridium acetobutylicum DSM-792 with Wolinella succinogenes
DSM-1740 were grown in Widdel-based medium containing the following components (per
liter): 1 g NaCl, 0.4 g MgCl·6H2 O, 0.1 g CaCl·2H2 O, 0.5 g KCl, 0.59 g glucose·H2 O, 0.15
g cysteine, supplemented with 1 ml of 100x RPMI-1640 vitamin solution (Sigma-Aldrich)
and 1 ml of trace elements solution, containing (per liter): 0.5 g EDTA, 3 g MgSO4 ·7H2 O,
0.5 g MnSO4 ·H2 O, 1 g NaCl, 0.1 g FeSO4 ·7H2 O, 0.1 g Co(NO3 )2 ·6H2 O, 0.1 g CaCl2 , 0.1 g
ZnSO4 ·7H2 O, 10 mg CuSO4 ·5H2 O, 10 mg AIK(SO4 )2 , 10 mg H3 BO2 , 10 mg Na2 MoO4 ·2H2 O,
1 mg Na2 SeO3 , 10 mg Na2 WO4 ·2H2 O, 20 mg NiCl2 ·6H2 O. A 20 mM Na-phosphate buffer pH
7.0 was used to maintain a constant pH during the growth experiment. The final pH of the
medium was 7.0. The medium was kept anaerobic by flushing with a gas mixture of 10%
CO2 and 90% N2 . Resazurine (0.01 mg/l) was used as an indicator for anaerobic conditions.
The growth experiment was performed at 37◦ C in 100 ml septum vials with rubber stoppers
−
containing 50 ml of growth medium. ‘NH+
4 ’ condition contained 0.25 g/L NH4 Cl, ‘NO3 ’ con67

Exploring the potential of metabolic models for the study of microbial ecosystems
+
−
dition contained 0.85 g/l NaNO−
3 , ‘NH4 + NO3 ’ condition contained 0.25 g/l NH4 Cl and 0.85
−
g/l NaNO3 and ‘N2 ’ condition contained no N-source, except N2 in the headspace. Cells
were taken from actively growing stock, cultivated in monoculture first in abovementioned
medium, but with yeast extract supplemented. The monocultures were added 1:1 (OD/OD)
−
in the media, pre-grown for 70 generations via serial transfer of the co-culture in NH+
4 + NO3
containing medium to create a stable co-culture. We are aware that mutations could arise
during this period which potentially influence the community phenotype, but that is beyond
the scope of this study. The co-culture was 1:100 propagated to fresh medium once it was
fully grown. The experiment started when the co-culture reached exponential growth and
was 1:100 propagated to fresh medium containing different nitrogen sources in triplicate.

Metabolite analysis
Supernatant from the batch cultivation was taken from the septum vials by taking 1 ml of
growth medium and filtered through a 0.2 m polyethersulfone (PES) filter and stored at -20
◦
C until further processing. Samples were analyzed for fermentation products (i.e. formate,
succinate, acetate, propionate, lactate, and butyrate) by high performance liquid chromatography (HPLC) with a Phenomenex Rezex ROA 300x7.8mm column at 55◦ C and occupied
with RID 10A and SPD 20A detectors having a flow rate of 0.5ml/min and eluent of 5mM
−
H2 SO4 . NO−
3 was measured according Yang et al. [264] and NO2 was measured spectrophotometrically at 520nm by diazotization of sulphanilamide by nitrite. CO2 and H2 were
measured by taking 100 l gas sample from the head space with a syringe (Terumo 1 mL syringe) and the gas was immediately analyzed on a Shimadzu GC2010 system equipped with
a Carboxen 1010 column (30m·0.58mm, 105◦ C) and a barrier discharge ionization detector
(BID). Helium was used as a carrier gas at 28.2 mL/min at a pressure of 37.2 kPa.

Quantification of cells
DNA was extracted with the PowerSoil DNA isolation kit (MO BIO Laboratories, Solana
Beach, CA, USA), according the manufacturer protocol, from 2 ml of culture. Species abundance was measured by quantitative PCR using primers for C. acetobutylicum [127] and W.
succinogenes (forward primer (5’→3’): CCACACGACACTACCCTCAC and reverse primer
(5’→3’): CGGTGCTTACGATTCCCAGT) on a 7300 Real Time PCR System (AB Applied
Biosystems, CA, USA). Both primer sets are selective for the target species and the quantification of genes is corrected with the number of genes on the genome. The following PCR
program was used for C. acetobutylicum quantification: a start-up step of 50◦ C for 2 minutes, followed by an initial denaturation step at 94◦ C for 10 minutes, 40 cycles of 94◦ C for 30
seconds, 54◦ C for 30 seconds and 72◦ C for 40 seconds, plus a final elongation step at 72◦ C
for 5 minutes. For quantification of W. succinogenes we used: a start-up step of 50◦ C for 2
minutes, followed by an initial denaturation step at 94◦ C for 10 minutes, 45 cycles of 94◦ C
for 10 seconds, and 60◦ C for 30 seconds.

Models and software
All simulations were done using CBMPy 0.7.0 (http://cbmpy.sourceforge.net/), a Pythonbased software package. The genome-scale metabolic model of C. acetobutylicum [206]
and a coarse-grained metabolic model of W. succinogenes (see supplements), using the
SBML level 3 standards [167], were used to perform the simulations. Dynamic flux balance
analysis simulations were based on the method by Zhuang et al. [272], but implemented
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Figure 5.1: Source of nitrogen is expected to influence the metabolic interactions between C. acetobutylicum and W. succinogenes. A shows the expected interactions be−
tween C. acetobutylicum and W. succinogenes in the presence of NH+
4 and NO3 . B shows
+
−
the interactions in the presence of only NH4 , C in the presence of only NO3 and D shows
the expected interactions in the presence of only N2 . Although we expect certain interactions
in the co-culture during the various environmental conditions, we do not know at what rate
the metabolites are exchanged.

in Python using the LSODA integrator provided by the SciPy scientific library [105]. The
CPLEX-solver (academic license) from IBMr was used for optimization of the metabolic
networks. The method for model reconstruction and co-culture growth simulations are described in the supplements. The Flux Variability Analysis was performed according Mahadevan et al. [144].

Results
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Design of co-culture and media composition that gives rise to different
metabolic interactions
We designed a synthetic co-culture of C. acetobutylicum and W. succinogenes, serving as
a model system for anaerobic interspecies hydrogen transfer. These species are chosen,
because they allow for tunable metabolic interactions by changes made to the medium composition, in particular the nitrogen source (Figure 5.1).
We choose C. acetobutylicum because it produces H2 from glucose, which can be con−
sumed by W. succinogenes to generate energy for the reduction of NO−
3 to NO2 or, further,
+
−
−
to NH4 when the NO3 concentration is low. We choose a high NO3 concentration in our experimental set-up to prevent this. As an alternative to H2 W. succinogenes can use formate.
−
Since C. acetobutylicum cannot use NO−
3 as a nitrogen-source it has to fix N2 gas when NO3
is the sole nitrogen source in pure culture [260]. However, in co-culture C. acetobutylicum
+
can use NO−
2 produced by W. succinogenes. Alternatively, when NH4 is present, both organisms can use it as nitrogen source, but W. succinogenes would still not grow because
it lacks an energy source. Varying the nitrogen source also has additional effects. When
−
NH+
4 and NO3 is present, C. acetobutylicum is independent of W. succinogenes and supplies H2 to W. succinogenes. C. acetobutylicum becomes dependent on W. succinogenes
−
when only NO−
3 is present. Then W. succinogenes cross feeds NO2 to C. acetobutylicum,
−
which, in turn, supplies H2 that facilitates NO−
3 to NO2 reduction by W. succinogenes. Thus
we can design co-cultures with uni- and bidirectional metabolic interactions. We studied four
different conditions; the associated, expected metabolic interactions are shown in Figure
5.1.

Experimental data of four growth conditions
The co-culture was grown in four different environmental conditions, in which we varied
the nitrogen-source to study its influence on the state of the community, outlined in Figure
−
+
−
5.1. The media either contained NH+
4 and NO3 , only NH4 , only NO3 or neither. N2 was
+
−
the only nitrogen-source in the absence of NH4 and NO3 , with the expectation that only
C. acetobutylicum can grow. Across conditions, the biomass abundances and metabolite
concentrations were measured in time to study the impact of the nitrogen-source on the
co-culture dynamics.
The different conditions influenced the growth and metabolic profiles of the co-culture
(Figure 5.2). The co-culture grew slower in the N2 condition and led to a 2-fold lower optical
density than the NO−
3 condition (Figure 5.2A). In the N2 condition, C. acetobutylicum fixes
N2 gas to acquire nitrogen, which is an energetically unfavourable process [201, 34]. The N2
condition was also the only condition where glucose was not completely consumed at the
end of the experiment. A drop in the optical density was observed in two conditions at the
end of the experiment, because of induction of sporulation by C. acetobutylicum. We only detected H2 when NO−
3 was absent (Figure 5.2B), suggesting that W. succinogenes consumed
all the H2 produced by C. acetobutylicum in the presence of NO−
3 (since no formate was
detected). The final amounts of butyrate, acetate, CO2 (produced by C. acetobutylicum) and
reduced NO−
3 (by W. succinogenes) varied between the different conditions (Figure 5.2C).
In the absence of NO−
3 , more butyrate was formed out of glucose, at the expense of acetate.
This indicates a bidirectional interaction: in the presence of NO−
3 , when W. succinogenes
grows, the H2 concentration is kept low by W. succinogenes, such that C. acetobutylicum
has a different fermentation profile due to alleviation of H2 -inhibition, which is consistent with
literateu [38]. This is therefore proof of a bidirectional interaction, because C. acetobutylicum
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behaves as in pure culture in the absence of NO−
3 , with high H2 and butyrate concentrations.
Note that H2 accumulates in the absence of NO−
3 , because the growth rate of W. succinogenes decreases (Figure 5.2E). C. acetobutylicum produced 30% more CO2 from glucose
in the ‘N2 ’ condition relative to the other conditions.
Growth of C. acetobutylicum and W. succinogenes was observed in every condition,
based on gene-copy quantification with strain-specific primers. We saw near exponential
growth of C. acetobutylicum during all conditions (Figure 5.2D). W. succinogenes grew also
in all conditions (Figure 5.2E). Growth of W. succinogenes in the ‘NH+
4 ’ and ‘N2 ’ condition
−
was unexpected, as NO3 , the energy source for W. succinogenes, was not supplied to
the medium. However, a maximum of 0.1 mM of NO−
3 can be transferred from the preculture, which could support growth of W. succinogenes. This carry over of metabolites
in combination with released metabolites via cell lysis could explain the observed growth
of W. succinogenes in both conditions. The carry-over of NO−
3 , during transfer from precultures, was hard to prevent since we were performing growth experiments under anaerobic
conditions.
Figure 5.2F indicates time periods during which a constant biomass ratio of the two
species were observed. Only in the presence of NH+
4 , W. succinogenes was outgrown by
C. acetobutylicum after 13.5 hours, because no NO−
3 is available for W. succinogens to
convert H2 . In the other cases we found constant biomass ratios, always after 13.5 hours
of cultivation, indicating that the two microorganisms grew at the same specific rate. Equal
specific growth rates indicate that the growth of the two organisms was coupled. Such growth
coupling can either result from bidirectional exchange of growth-supporting metabolites, or
a unidirectional exchange from the slower-growing to the faster-growing microorganism. A
bidirectional exchange was expected in the presence of only NO−
3 , whereas in the presence
+
−
of NH4 and NO3 a unidirectional exchange was expected. Coupling occurs because the
microorganism that is capable of a higher growth rate becomes limited by the other organism,
which cannot supply its resources fast enough.
Which metabolites are exchanged and at what rate across those conditions cannot be
deduced directly from the experimental data. For instance, we cannot conclude whether C.
−
acetobutylicum only consumed NH+
4 , or that NO2 was also consumed in the presence of
+
−
NH4 and NO3 . Also the H2 production rate of C. acetobutylicum remains unknown, as we
could not detect H2 in two of the four conditions. Even though we can conclude that the
species do exchange metabolites with each other, as they grew equally fast, we are not sure
which metabolites are being exchanged let alone at what rate. To address those questions
we analysed our experimental data with metabolic models of the two species.

Stoichiometric models of co-culture metabolism and growth
We used stoichiometric metabolic models of C. acetobutylicum and W. succinogenes to fit
the experimental data for the inference of metabolic interactions between the species during
different environmental conditions. The metabolic models only describe the stoichiometry
of metabolic reactions, based on genomic and biochemical information, and do therefore
not contain any kinetic parameters of all the individual enzymes. In addition, we took the
growth rates and the biomass abundances of the microorganisms into account to capture
the metabolism and the dynamics of the co-culture, using an existing method called dynamic
flux balance analysis (dFBA) [142], which extends the stoichiometric model by adding kinetic
information of growth-limiting substrate importers in the form of an irreversible Michaelis), where vupt represents the uptake reaction, Vmax the
Menten equation (vupt = Vmax Km[S]
+[S]
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Figure 5.2: Nitrogen-source alters the phenotypic behaviour of the co-culture in batch
experiments. A shows optical density measurements at 600 nm. B is the measured H2
concentrations. C are fermentation products per consumed glucose at the the end of the
cultivation period and is the sum of the production and consumption of the species in the
−
co-culture. The NO−
3 is the amount of NO3 reduced. D and E are the quantified gene copies
concentration per mL of C. acetobutylicum and W. succinogenes. F shows the ratios of C.
acetobutylicum and W. succinogenes based on gene-copy number. This is to show that both
strains show balanced growth during batch cultivation. The copy numbers are corrected for
the amount of genes on the genome.
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maximum rate of the uptake reaction, [S] the substrate concentration and Km the substrate
affinity. At each time step in dFBA the biomass production rate for each organism is independently optimised based on the specific substrate uptake rate. Implementing such dynamic
uptake reaction enables the model to respond to changes in external concentrations.
For the simulations we use a genome-scale metabolic model for the metabolism of C.
acetobutylicum and for W. succinogenes a coarse-grained model, which lumps metabolic
segments into single reactions. The reason is that there is no genome-scale metabolic
model available for W. succinogenes and we have primarily information about the coremetabolism. This data shortage reflects a scenario that will often occur when working with
real microbial ecosystems.
The detailed model of C. acetobutylicum has the advantage that it captures changes in
its metabolism, as we observed that final acetate and butyrate concentrations, produced by
C. acetobutylicum changes when the growth medium was varied. Another advantage is that
it describes the metabolic flexibility associated with H2 production by C. acetobutylicum and
leads to oxidization of ferredoxin. Ferredoxin is a conserved moiety whose total concentration does not change (only its redox state), and when it is oxidized by another reaction, it will
result in decreased H2 production. Since C. acetobutylicum contains several reactions that
can oxidize or reduce ferredoxin, the H2 production flux is flexible, influencing the community
interactions that we aim to quantify. For instance, NO−
2 uptake decreases the amount of H2
production, because both reactions require ferredoxin, which results in potential interesting
dynamics between the two species, because W. succinogenes provides NO−
2 , but requires
H2 which is produced by C. acetobutylicum. Several genome-scale metabolic models of C.
acetobutylicum are available [217, 124]. We decided to use the model created by Salimi and
co-workers [206], because this model was already successfully used for dFBA simulations.
We constructed a coarse-grained model of W. succinogenes his core metabolism, containing eight reactions (Table 5.2) that was detailed enough to fit the exchange fluxes to
experimental data; the data indicated that C. acetobutylicum shows most metabolic flexibility. The ATP yield of NO−
3 reduction, when H2 is oxidized, was taken from literature [26]. We
fitted the elemental composition of W. succinogenes biomass. It can use acetate as a carbon
source [215], but with an unknown biomass yield. Similarly the NH+
4 and ATP requirements
for the production of one unit of biomass are unclear. We estimated all these values by varying them and used those values that resulted in the best fit with the experimental data. An
advantage of working with coarse-grained models is that the model complexity is greatly reduced and the degrees of freedom are limited, whereas in genome-scale metabolic models
these can increase rapidly [190, 236, 108].
The two metabolic models were coupled through exchange fluxes for H2 , NO−
2 and acetate. The co-culture model was manually fitted to the experimental data, using dFBA, to
infer the metabolic exchange fluxes in the microbial community. Manually fitting was done
by changing the kinetic parameters (Table 5.1), biomass composition of W. succinogenes
−
(Table 5.2) and ratio of acetate/butyrate production and NH+
4 /NO2 consumption until the
simulation agreed most with the experimental data.

The metabolic models can simulate the experimental data
Once the simulations agree with the experimental data, the corresponding metabolic fluxes
can be extracted from the simulations, including the exchange fluxes between the two species.
This allows us to infer the metabolic interactions between species in a microbial community.
To fit the model with the experiments, we varied the parameters of the models (Table 5.1)
to find an optimal fit. These parameters influence the rate of consumption and production of
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Figure 5.3: The dFBA simulations agree mostly with the experimental data for the
five different cultivation conditions and were used to infer the metabolic fluxes. The
metabolite profile plots contain error bars, but the other subplots not. The biomass ratios are
based on the gene-copy data and the carbon balance consisted of the measured metabolites
that contained carbon. The remaining missing carbon is assumed to be incorporated into
biomass.

the metabolites in the co-cultures and can be different between the various environmental
conditions. For instance, the Vmax of glucose uptake in C. acetobutylicum changes between
the different conditions (Table 5.1). Although the parameters can change between the conditions, we did not change the metabolic models itself. The structure of the metabolic models,
therefore, remain identical between the different environmental conditions.
For C. acetobutylicum, we had to constrain the ratio of butyrate and acetate production
−
fluxes and the ratio of the NH+
4 and NO2 consumption to fit the experimental data (Table
5.1). Removing those ratios resulted in incorrect simulation of the metabolic profiles. For
−
−
instance, removing the ratio of NH+
4 and NO2 consumption resulted in lower NO3 and higher
−
NO2 concentrations in the simulated co-culture relative to the experimental concentrations.
We also had to fit Vmax and Km of glucose uptake by C. acetobutylicum and the Vmax and
Km of H2 uptake by W. succinogenes (Table 5.1).
The simulation with the metabolic models are consistent with the experimental data, except that W. succinogenes grew in the absence of NO−
3 , which was not predicted with the
model (Figure 5.3). This is most likely caused by carry-over of NO−
3 from the pre-culture
and by cell lysis. These phenomena were not taken into account in the simulations of
the metabolic model and therefore, no growth of W. succinogenes was predicted with the
metabolic models (Figure 5.4).
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Figure 5.4: Growth of W. succinogenes was limited by the growth-rate of C. acetobutylicum, based on the inferred growth-rates. Balanced growth was observed after 10
−
−
hours of cultivation in the NH+
4 + NO3 and NO3 conditions.

Influence of environmental conditions on the metabolic exchange fluxes
between C. acetobutylicum and W. succinogenes
Simulations with the fitted model indicates that the growth rates of C. acetobutylicum and
W. succinogenes are dynamic during the experiment (Figure 5.4). The biomass yields on
substrate, however, remain constant during the whole experiment (Figure 5.7). The dynamic
behaviour of the community resulted therefore solely from the interplay between the dynamic
concentrations of the environmental nutrients and products and the biomass abundances.
W. succinogenes grew faster than C. acetobutylicum in the first 10 hours in the presence
−
of NH+
4 and NO3 . This is possible, because C. acetobutylicum is more abundant than W.
succinogenes and can provide excess H2 despite the slower growth of C. acetobutylicum.
After 10 hours, both species grew at the same specific rate. This is reflected in the experimental data of the biomass ratios of C. acetobutylicum/W. succinogenes, which decreased
in the first hours of the experiment suggesting that W. succinogenes grows faster than C.
acetobutylicum. This indicates that C. acetobutylicum determined the growth-rate of the
community, because H2 consumption of W. succinogenes was limited by the H2 production
of C. acetobutylicum after ten hours of cultivation.
Different nitrogen sources lead to changed metabolic interactions between C. acetobutylicum and W. succinogenes (Figure 5.5). The H2 production rate of C. acetobutylicum,
during cultivation in the presence of NO−
3 , differed between the conditions: 1.10 and 0.94
−
−
mol/mol H2 per consumed glucose, for the ‘NH+
4 + NO3 ’ and ‘NO3 ’ condition, respectively.
+
−
H2 production was reduced by 17% in the ‘NO−
3 ’ condition relative to the ‘NH4 + NO3 ’ condition. H2 is associated with oxidization of ferredoxin and this ferredoxin is also oxidized
+
when NO−
2 is reduced to NH4 . Since ferredoxin is a conserved moiety, an increase in the
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Figure 5.5: Nitrogen-source also had an impact on the H2 and the NO−
2 exchange rates.
In A the calculated flux-rates for C. acetobutylicum are normalized for the glucose uptake. B
shows the calculated flux-rates for W. succinogenes and are normalized for the H2 uptake.
Note that H2 production by C. acetobutylicum is not equal to the specific H2 uptake rate of
W. succinogenes as the biomass abundances should be taken into account, which were not
equal during the experiment.

−
NO−
2 reduction flux causes a lower H2 production flux, which occurred in the ‘NO3 ’ condition.
Therefore, there is an interesting dynamic between C. acetobutylicum and W. succinogenes
when NO−
3 is in the medium, because C. acetobutylicum can use its ferredoxin for the production of H2 , but also for the consumption of NO−
2 , which is produced by W. succinogenes.
We show that the nitrogen source can have implications for interspecies hydrogen transfer in
a community. An oxidized nitrogen source, in this case NO−
2 , would decrease H2 transfer and
+
therefore NH4 is the preferred substrate for maximization of interspecies hydrogen transfer.
−
Contrary to our expectations, a combination of NH+
4 and NO2 is predicted to be utilized by
−
C. acetobutylicum in the NH+
4 + NO3 condition. One explanation for C. acetobutylicum’s
−
utilization of NO−
2 is to detoxify the medium. High NO2 concentrations inhibit growth and
−
utilizing NO2 as a nitrogen source could be a detoxification strategy [12].

In contrast to the inferred fluxes of C. acetobutylicum, the inferred fluxes of W. succino−
−
genes were equal between the ‘NH+
4 + NO3 ’ and ‘NO3 ’ conditions (Figure 5.5B), suggesting
that W. succinogenes was insensitive to the change in environmental conditions. This is
primarily due to the limited flexibility of the model of W. succinogenes; however, the model
fits with the experimental data, which suggests that the inferred fluxes are realistic.
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Also intracellular fluxes of C. acetobutylicum can be inferred from communitylevel experimental data
In addition to calculation of the uptake and production fluxes, the genome-scale metabolic
model of C. acetobutylicum informs us about intracellular flux values across the different
conditions. This gives additional information about the active metabolic pathways. Due to
the large number of reactions in the genome-scale metabolic model, the predicted values
of the intracellular fluxes in the metabolic network are likely underdetermined, because we
have too few experimental data to constrain those fits sufficiently.
We therefore performed a Flux Variability Analysis (FVA) [144], to check whether alternative intracellular flux values of the C. acetobutylicum metabolic network could fit the
experimental data equally well. This analysis indicates a small flexibility, only 41 reactions of
the 744 reactions had variable values (5.5%) (http://sourceforge.net/projects/cbmpy/
files/publications/data/2016_Hanemaaijer/). Those 41 reactions are involved in either
malate cycling, proline and nucleotide biosynthesis, and carry very small fluxes relative to
the fluxes in C. acetobutylicum’s core-metabolism. Two reactions that did carry a high flux
are involved in ferredoxin cycling, but had no impact on the H2 production flux. There was
also no variability identified in other uptake or production fluxes. These results suggest
that in our system, the calculated flux distribution within C. acetobutylicum can be robustly
predicted from community-level experimental data alone.

Modelling predicts that co-culture behaviour can be enhanced
Besides providing a method for inferring experimental fluxes from experimental data, the
metabolic model can also be used to predict the optimal behaviour of the community when
not constrained with experimental data. Optimisation informs us about optimal metabolic
coupling between the microorganisms when growth of both species are optimised.
Here, we consider the co-culture as optimal when the growth rates of both organisms are
maximal. In dFBA this means that we optimise the flux towards biomass of both organisms
on the supplied nutrients to the community. We determined the metabolic fluxes (internal and
exchange), growth rate and biomass abundances corresponding to the optimal state in the
−
−
‘NH+
4 + NO3 ’ and ‘NO3 ’ condition when we released the constraints on the butyrate/acetate
−
production ratio and the NH+
4 /NO2 consumption ratio of C. acetobutylicum (Figure 5.6).
The model predicted that an optimal C. acetobutylicum would have a changed metabolism
relative to the experimental data. For instance, acetate rather than butyrate should be produced when C. acetobutylicum grows optimally. This behaviour was seen both in the ‘NH+
4
−
’
condition.
The
explanation
is
that
more
ATP
can
be
generated
from
+ NO−
’
and
the
‘NO
3
3
acetate production than from butyrate production. An optimal C. acetobutylicum would not
+
−
−
consume NO−
2 when growing at the ‘NH4 + NO3 ’ condition, because NO2 reduction by nitrite reductase decreases growth of C. acetobutylicum according the metabolic model. As
explained, the amount of H2 produced is inversely related with the amount of NO−
2 taken
up. As a consequence, 159% more H2 was produced in the optimal scenario relative to the
−
experiments in the ‘NH+
4 + NO3 ’ condition. A smaller increase in H2 production (+23%) was
shown in the ‘NO−
3 ’ condition, suggesting that the interactions between the two species were
not optimal in the experiments at those two conditions. However, the experimental growth−
rate of C. acetobutylicum was close to its maximal, computed value. For the ‘NH+
4 + NO3 ’
the experimental growth rate was 87% of the optimal value, whereas for the ‘NO−
3 ’ this was
94%. These results suggest that the experimental behaviour of the community with imposed
bidirectional interactions is closer to the optimal metabolic behaviour than a community with
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+
−
Figure 5.6: The ‘NO−
3 ’ condition behaved more optimal than the ‘NH4 + NO3 ’ condition.
The calculated experimental specific uptake and consumption rates (mmol/(gDW·h)) for C.
acetobutylicum (white bars) and the in-silico optimal rates (gray bars) were compared. All
specific uptake and production fluxes were normalized to the specific glucose uptake rate.

unidirectional interactions.

Discussion
In this study we showed that the combination of a stoichiometric metabolic model with measured community-level concentrations and biomass abundances allows for the inference of
metabolic interactions in a microbial community. This approach is complementary with current approaches that are based on correlation or co-occurrence networks, which predicts
the community-interaction structure for large complex ecosystems [21, 60, 270]. These networks identify co-occurrence of species, suggesting that certain species in an ecosystem
form a positive relationship with each other. However, the mechanisms behind the interactions remain unknown; here we infer them with metabolic models.
Stoichiometric models of metabolism make inference of metabolic exchange fluxes possible because they relate the uptake and production of environmental metabolites, to intracellular metabolic fluxes, organism abundance and growth rate. Such models are therefore
integrating heterogeneous data types from which we make inferences about community be78
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haviour. In addition to experimental data of species abundances and metabolite concentrations, molecular data can be used in the construction of stoichiometric metabolic models
[4, 139, 265]. It is the integrative capability of stoichiometric models that makes them so
useful for addressing current challenges in microbial ecology.
Metabolic models have been used to predict the behaviour of industrially relevant cocultures and the type of interactions required to predict this behaviour [206, 86]. We show
that this approach also works for ecological relevant communities, where interspecies hydrogen transfer is the dominating interaction. Additionally, not only the type of interactions is
identified, but we also infer the size of the interactions from the experimental data. With this
method we show that the nitrogen source plays an important role in the rate of H2 exchange
in our co-culture. Recently, Embree et al. [57] also inferred metabolic interactions of a microbial community, but optimized each species individually as a steady-state simulation and did
not combine all metabolic models into one community. We, on the other hand, simulated the
dynamics of the co-culture, because we fitted data from a dynamic system where species
could change their metabolic behaviour during the experiment, which is closer to natural
environments.
We have shown that our approach works for a co-culture and a next step would be the
inference of metabolic interactions in a complex ecosystem. A complex community will have
more interactions between the members of the community. In addition to beneficial relationships, competition can also play an important role in microbial communities [42]. The
advantage of our dFBA based approach is that these type of interactions can also be inferred. Moreover, our results indicate that it is not even necessary to use full-blown genomescale stoichiometric models for all members of a complex community as a coarse-grained
model of W. succinogenes sufficed for the inference of metabolic interactions, as we recently suggested [85]. More detail can always be added later to refine predictions or resolve
discrepancies, depending on the research question and data at hand.
Even though metabolic interactions can be inferred from experimental data, not all data
and systems are equally amenable to a modeling approach. Firstly, a community with growing micro-organisms is advantageous. Growing cells have an active metabolism and increase their biomass in time, while interacting with other species. While non-growing species
may also have an active metabolism, they do not increase in biomass, causing them to have
lower fluxes, which makes it difficult to assign flux-rates to such organisms. Secondly, controlled environments allow for more targeted perturbations of the community. Manipulation
of the environment results in different dominating processes in the ecosystem [118]. Lastly,
a medium that is well-defined and minimal, is advantageous. Metabolites, which are turned
over, are more easily identified in such media. A medium which, for instance, contains yeast
extract provides all types of vitamins, amino acids and carbon compounds to the community
members, and could mask or compromise the metabolic interactions in the ecosystem. With
improved analytics, such challenges may be overcome, and we believe in view of the complexity of microbial communities, metabolic models are a promising -and arguable the onlytool for the inference of the metabolic interactions of co-cultures.
To conclude, in our eyes metabolic models are an indispensable tool for the inference
of the metabolic interactions, as illustrated with our co-culture study. We have shown that
the nitrogen-source quantitatively influences the interspecies hydrogen transfer, which was
not feasible with experimental data alone. Moreover, the metabolic models can be used for
more purposes than inference of metabolic interactions. They can also be used to infer the
intracellular fluxes of species, which informs us about the metabolic adaptations of microorganisms, during different conditions. The models can also be used to investigate whether
species in a community grow optimally or whether they are limited by external factors. This is
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particularly interesting for communities used for industrial processes, such as the anaerobic
digestion process, where high biogas yields are desired. Finally, metabolic models could
indicate strategies to steer the community in a desired direction, guiding community engineering approaches. Thus metabolic models have great potential –are simply required– to
study complex, microbial ecosystems.
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Appendices
Material & Methods
Simulating co-culture growth
Dynamic Flux Balance Analysis is based on Flux Balance Analysis (FBA) principles [144].
It is based on mass balances in steady state, expressed as S·v = 0 for each time interval:
S represents the stoichiometric matrix of the reactions of the metabolic model, where the
columns represent the reactions and the rows the metabolites, and v the flux-vector. Dynam)
ics of the co-culture was simulated by using a Michaelis-Menten equation (vupt = Vmax Km[S]
+[S]
for the substrate uptake reaction, where vupt represents the uptake reaction, Vmax the maximum rate of the uptake reaction, [S] the substrate concentration and Km the substrate affinity. The parameters used in the Michaelis-Menten equation are listed in table 5.1. In each
time interval a substrate uptake rate is calculated from the substrate concentration, and
used as a flux constraint on the model; conversely, the substrate concentration is updated
by the calculated fluxes. Under the assumption that the rate of change of extracellular substrates is much smaller than the intracellular fluxes, (pseudo-) steady states for intracelullar
metabolism is applied at all times. A time interval of 3.3 minutes was used for the simulations.
Irreversible Michaelis-Menten kinetics were set for glucose-uptake by C. acetobutylicum and
H2 -uptake by W. succinogenes. Biomass production was optimized during the simulations.
Vmax and Km were adjusted to correctly simulate the experimental data. The initial concentrations in the simulations were equal to the initial measured concentrations. The ratio of
butyrate and acetate production by C. acetobutylicum was constrained to agree with the experimental data and was done via manual fitting. The same was done for the ratio of NH+
4
and NO−
consumption
by
C.
acetobutylicum.
2
The following parameters were used for the simulation of co-culture growth during the
different conditions. The scripts for each condition and the models are found online: http:
//sourceforge.net/projects/cbmpy/files/publications/data/2016_Hanemaaijer/.
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Table 5.1: Parameters used for simulation of the co-culture.
Parameter
Vmax Glc uptake C. acetobutylicum
Km Glc uptake C. acetobutylicum
Vmax H2 uptake W. succinogenes
Km H2 uptake W. succinogenes
Initial biomass C. acetobutylicum (g)
Initial biomass W. succinogenes (g)
Butyrate/acetate flux ratio
−
NH+
4 /NO2 ratio

−
NH+
4 + NO3
16
2
55
0.001
0.0009
0.0003
0.17
0.20

NH+
4
16
2
55
0.001
0.0009
0.0003
2.23
-

NO−
3
15
2
55
0.001
0.0009
0.0003
0.12
-

N2
19
2
55
0.001
0.0009
0.0003
2.16
-

Model construction of W. succinogenes
The following model for the metabolism of W. succinogenes was used (Table 5.2). Biomass
is differently defined in the experimental data (based on gene-copies) than in the model
(based on gram dry weight (gDW)). From our modelling we concluded that one cell of C.
acetobutylicum is 4.3 times bigger than cells of W. succinogenes, which is close to our
experimentally observed 5.2 difference. Also the calculated C:N ratio of 1:0.23 for biomass
of W. succinogenes is consistent for what is found in other bacteria [79, 16].
Table 5.2: A coarse-grained metabolic model of W. succinogenes was detailed enough
to fit the experimental data. All metabolites, except for H+ and H2 O, are element-balanced
in the metabolic model.
Reaction name
H2 transport
NO−
2 transport
NO−
3 transport
Acetate transport
NO−
3 reductase
NO−
2 reductase
H2 reductase
Biomass Reaction

Reaction
H2 → H2 (e)
−
NO−
2 → NO2 (e)
−
NO3 → NO−
3 (e)
Acetate + H+ → Acetate(e) + H+ (e)
−
2NO−
3 + 2QH2 → 2NO2 + ATP + 2Q + 2H2 O
+
+
NO−
2 + 3QH2 + 2H → NH4 + 3Q + 2H2 O
H2 + Q → QH2
30ATP + 2.2NH+
4 + 4.84Acetate → Biomass

Design of minimal medium
A suitable minimal medium was designed based on the Widdel’s fresh water medium, supporting growth of the two organisms. This medium is suboptimal for C. acetobutylicum,
because of the relatively high pH (7.0), and the omission of yeast extract or other growthenhancing, but non-defined, components. This resulted in non-consistent growth rates of
C. acetobutylicum in pure culture. In the presence of W. succinogenes, C. acetobutylicum
growth however occurs readily and consistently. We therefore focused on the rates in the coculture and not in pure culture. Probably, in a co-culture, C. acetobutylicum remains longer
active than in co-culture, which results in rapid growth after propagation and is not the case
in pure culture. 8
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Figure 5.7: Product and substrate yields did not change during different growth rates.
The extracted specific uptake and production rates (mmol/(gDW·h)) are plotted against the
simulated growth rate µ (h-1). All lines are lineair what suggests that the specific uptake and
production rates of both species are scaled with the growth. The N2 condition is not plotted,
because the simulated growth rate was constant over the whole simulation.
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Abstract
The production of yoghurt is the result of milk fermentation by Streptococcus thermophilus
and Lactobacillus delbruecki subsp. bulgaricus and is one of the most important microbial
processes in the food industry. The species form a stable ecosystem with proto-cooperative
traits. How these traits have evolved in time is unknown and therefore we cultivated S. thermophilus and L. bulgaricus strains with no known growth history for over 1000 generations
and characterized the differences between the wild type and evolved co-culture. The evolved
co-culture showed faster growth, higher optical density and developed interesting industrial
traits. An integrative approach of genomics, transcriptomics and metabolic modeling showed
that the metabolic interactions in the evolved co-culture were mainly involved in the amino
acids and purine metabolism of the two species. L. bulgaricus provides the amino acids via
its proteolytic activity for S. thermophilus and formate is produced by S. thermophilus and
consumed by L. bulgaricus. We also show that the biomass ratio of the two species in the
evolved co-culture is more stable relative to the wild type co-culture, suggesting that the two
species are interacting with each other. Furthermore, in silico analysis also showed that the
observed biomass ratio of approximately 3.2 is close to the optimal biomass ratio of 1.9-2.6
where maximum growth of the two species in an ecosystem is simulated. This study shows
that experimental evolution experiments are useful to understand the microbial interactions
in microbial ecosystems.

Introduction
Yoghurt, the result of milk fermentation by Lactobacillus delbruecki subsp. bulgaricus and
Streptococcus thermophilus, is an important part of the human diet for several millenia [74].
Over time the L. bulgaricus strain and S. thermophilus have evolved into a stable ecosystem
with proto-cooperative traits [221]. They stimulate each other’s growth during milk fermentation by metabolite exchange that involves the purine and amino acid metabolism, whereby S.
thermophilus consumes amino acids and peptides which are released due to the proteolytic
activity of L. bulgaricus [41, 208, 275]. On the other hand, S. thermophilus provides formic
acid, folic acid [43] to L. bulgaricus (a schematic overview of the interactions is shown in
figure 6.1).
How this yoghurt community has evolved to such a stable ecosystem remains unknown.
Evolution of artificial microbial ecosystems showed improved growth rates of the community
members [268], higher optical densities of the microbial community [94, 268] and increased
metabolic exchange rates between the community members [268]. The question arises what
factors play an important role during evolution of a microbial community. Such knowledge
could help to improve industrial fermentations with microbial communities. However, evolution experiments have not been conducted with industrial relevant ecosystems, such as
yoghurt cultures.
Therefore, we performed an evolution experiment with a co-culture of L. bulgaricus and
S. thermophilus, with no known growth history with each other, for over 1000 generations in
skim milk. We hypothesized that the co-culture will adjust its metabolic behaviour to enhance
biomass formation during evolution, and we could possibly predict optimal behaviour with
(community) FBA. After the evolution experiment, we compared the phenotype and genotype
between the wild type and the evolved co-culture. Additionally, we used metabolic models
to understand the possible interactions between the community members. In this work, we
combined molecular data from a co-culture experiment and genome-scale metabolic models
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to investigate the evolutionary changes in the metabolic behaviour of the individual species
in an evolved ecosystem and the impact on the whole yoghurt community.

Figure 6.1: The metabolic interactions between S. thermophilus and L. bulgaricus during milk fermentation based on data from literature.

Material and Methods
Strain and growth conditions
Streptococcus thermophilus CNRZ1066 [27] was maintained in M17 broth (Oxoid) containing 22% glycerol (Scharlau) at -80◦ C. Lactobacillus delbrueckii subsp bulgaricus ATCC BAA365 [145] was maintained in MRS broth (Merck) with 22% glycerol at -80◦ C. Pre-cultures of
both species were made as mono cultures in UHT-treated 10% (w/v) reconstituted skim milk
(Nilac, NIZO food research), referred to as milk in the rest of the paper, for 24 h at 37◦ C.
Mixed cultures for the experimental evolution studies were obtained by inoculating 10 mL
of milk with pre-cultures to a density of approximately 106 cells per mL per strain. The experiments were carried out in duplicate. The cultures were propagated by transferring 1.5%
(v/v) daily until a theoretical number of 1000 generations was reached (167 transfers). Acidification and final cell counts were monitored with regular intervals of approximately 3 weeks
(i.e. 127 generations). After 49, 97, 133, 219, 304, 365, 456, 517, 602, 699, 809, 930 generations freezer stocks were prepared for later experimentation by mixing of 1 volume 60%
glycerol with 2 volumes yoghurt. From one final culture, single colony isolates were obtained
that were designated S. thermophilus NIZO3938 and L. bulgaricus NIZO3939. Single colony
isolate freezer stocks were obtained by selective plating (M17 agar (Oxoid) supplemented
with 1% glucose at 45◦ C for S. thermophilus and MRS agar (Merck) at 45C anaerobic for L.
bulgaricus). Colonies of these plates were streaked onto new plates. Single colonies from
the second plates were grown in liquid media and visually inspected with a microscope for
infections.
Pre-cultures in follow-up experiments were made as described above. After 24 h, the
optical density at 600 nm was measured in duplicate using 1 volume of milk culture mixed
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with 9 volumes of a 0.2% NaEDTA (w/v) / 0.2% NaOH (w/v) solution. Final cultures were
inoculated to a start OD600 of 0,005 per strain (corresponding to approximately 106 cells
per mL).
For monitoring of acidification activity during the evolution process, 10 mL of milk was
inoculated with 1% of a 24 h old mixed culture and pH was followed at 37◦ C for 24 h using the Cinac system (Ysebaert, France). The acidification rate (∆lactic acid/∆t in mM/h)
was calculated with a calibration curve of lactic acid concentration (known y values) in milk
versus pH (known x values) that was prepared. Using the GROWTH function in Microsoft
Excel, the measured pH values in the culture (new x values) were calculated into lactic acid
concentration.

Viscosity measurements
For viscosity measurements 120 mL cultures were grown in milk at 37◦ C for 48 h. Viscosity
was measured using a viscosimeter M5 (Haake Fisons) with a rotation speed of 0 increasing to 400 rotations per s at 37◦ C. Each strain combination was measured in duplicate.
Significant differences were determined using a Students t-test (p=0.05) on the average
measurements between 50 and 55 rotations per sec.

Extracellular polysaccharides (EPS) isolation
EPS were isolated from 275 mL cultures grown for 24 h at 37◦ C as described before [222].
All isolations were performed in duplicate. Duplicate samples for HPLC analysis were taken
from cultures and frozen at -20◦ C in 2 mL eppendorf tubes until analysis. For acid analysis,
proteins and fat were precipitated with perchloric acid. After filtration using a Spartan 30/B
(Schleicher & Schuell) filter, the liquid was used for high pressure liquid chromatography. In
a HPX-87H column (BioRad 300 x 7.8 mm) column at 60C with a flow of 0.6 mL/min 0.005 M
sulfuric acid 25 µL of the solution was injected. Components were detected using a RID-10A
(Shimadzu, Japan) and ERC-7510 (Erma optical works Ltd, Japan) refraction index meter
at 40◦ C for organic acids and sugars, respectively. Data were analyzed using Chromeleon
(Dionex) and compared to standard series of desired components. GC-MS analyses were
performed as described before [222].

Biomass abundance and ratio determination
Samples were mixed with clearing solution (0.2% EDTA + 0.2% NaOH, pH 12.30) in a 1:9
ratio. After 2 minutes the cell density was measured spectrophotometrically at 600 nm.
Samples were taken for DNA extraction and stored at -80◦ C until further processing. A
known quantity of Lactococcus lactis prior DNA extraction was added to the samples as
internal control for DNA extraction efficiency. Subsequently, samples were washed with
60◦ C 2% sodium-acetate and centrifuged three times. DNA was extracted using the DNeasy
Blood & Tissue kit following the manufacturers protocol for pretreatment for Gram-Positive
bacteria. Quantification of the strains was performed with a 7300 Real Time PCR System
(AB Applied Biosystems) using strain specific primers (table 6.1). The qPCR program was:
95◦ C for 5 minutes, 40 cycles (95◦ C for 10 seconds, 60◦ C for 30 seconds and 72◦ C for
27 seconds) plus 72◦ C for 10 minutes. Samples and negative controls were carried out in
triplicate and quantification was estimated on a calibration line of known amount of genecopies. Total qPCR volume was 25 µL, with 12.5 µL 2x SensiFAST Hi-ROX Mix (Bioline), 1
µL forward primer, 1 µL reverse primer, 7.5 µL H2 O and 3 µL sample.
86

The effect of experimental evolution of a yoghurt culture on growth and metabolic
interactions

Metabolite analysis
Lactose, glucose, acetate, lactate, formate and succinate were determined by high-performance
liquid chromatography (HPLC) on a Shimadzu LC-20AT liquid chromatograph equipped
with a Shimadzu RID-10A refractive index detector and a Shimadzu SPD-20A UV-Vis absorbance detector at 210 nm. Concentrations were estimated on calibration series of known
metabolite concentrations.

Resequencing and sequence analysis
The parental strains S. thermophilus CNRZ1066 and L. bulgaricus ATCC BAA-365 and their
evolved variants NIZO3938 and NIZO3939 were sequenced using Illumina Solexa sequencing (GATC Biotech AG, Konstanz, Germany). The sequences of the reads were 36 base
pairs and covered the genomes 80-120 times. Single nucleotide polymorphisms (SNPs) and
insertions/deletions (INDELs) were detected by comparing the acquired sequences with the
published genome sequences [27, 145] using in-house developed software (van Hijum et al.,
unpublished). The reads (trimmed at 5’ and/or 3’ side to various sizes and untrimmed) were
aligned to the reference (repetitive sequences of 20 bp were masked by N nucleotides).
The alignments of the reads to the repeat-masked reference were filtered based on various cutoffs (e.g. minimal ratio 1/10 minor/major nucleotides; in other words, in order for a
SNP/insertion to be selected the major nucleotide in the reads should at least be 10x more
frequent than the alternative nucleotides). Only mutations that were present in at least 10
reads and a ratio of major/minor nucleotide of 10 were used for further analysis. The mutations were confirmed by PCR amplification of a 500 bp fragment carrying the mutation
site and subsequent sequence analysis. (BaseClear, Leiden, the Netherlands). These fragments were also amplified and sequenced in the duplicate final evolved culture to identify
possible mutations in the same regions. The potential impact of the mutations was determined by assessing the deduced amino acid changes using protein alignment tools and by
inspection of 3D structures (http://www.ncbi.nlm.nih.gov/Structure/) of orthologous proteins
where relevant and available [146]. Intergenic regions were checked for promoter sequences
with PPP (http://bamics2.cmbi.ru.nl/websoftware/).

Transcriptome profiling
The effect of the experimental evolution on gene expression was tested for both evolved
cultures. Therefore, parental and evolved mixed cultures were prepared and sampled in the
first and second exponential phase (i.e. 4.5 h and 7.5 h for the parental culture and 4 h and
6.25 h for the evolved cultures). mRNA isolation, cDNA synthesis and DNA micro arrays
were performed and data were analyzed as described before [222]. Significant differential
expression of genes was defined as a fold change of 2 or more and a FDR value of 0.05 or
lower. However, also more general effects were taken into account, e.g. a fold change below
2 with a low FDR value.

Genome-scale metabolic models of Streptococcus thermophilus and
Lactobacillus delbruecki subsp. bulgaricus
A genome-scale stoichiometric model of Lactobacillus delbruecki subsp. bulgaricus ATCC
BAA-365 and Streptococcus thermophilus CNRZ1066 were used. The models were developed through the AUTOGRAPH method [160] by comparing the genomes with genome87
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Table 6.1: Primers used for gene copy quantification
Primer
Lactobacillus bulgaricus forward
Lactobacillus bulgaricus reverse
Streptococcus thermophilus forward
Streptococcus thermophilus reverse
Lactococcus lactis forward
Lactococcus lactis reverse

Sequence 5’ → 3’

Reference

TCCCTGGAACTCCGGGTGCC
TTCGGCCGCTTGGCCCATTC
AGCTGGCGAACAGTACGCTACAG
AGCACTTGGGAAGACGCGGC
ACCGTGCTGAAGTCTTTGCT
ATTTTGCCATGTGGTCCATT

This study
This study
This study
This study
This study
This study

Table 6.2: Characteristics of the curated models of S. thermophilus CNRZ1066 and L.
bulgaricus ATCC BAA-365
Genes
Included in the model
Reactions
Non-gene associated
Metabolites
Extracellular

S. thermophilus

L. bulgaricus

1968
464 (23%)
511
65 (13%)
549
76

1933
500 (26%)
423
61 (14%)
492
70

scale metabolic models of closely related species, such as Lactobacillus plantarum WCFS1,
Bacillus subtilis ATCC 23857, Streptococcus thermophilus LMG18311 and Lactococcus lactis MG1363. Gene-protein-reaction associations of orthologous genes were included in the
draft model. For the biomass reaction, the biomass composition of Lactobacillus plantarum
[236] was used for L. bulgaricus and Lactococcus lactis [166] for S. thermophilus.
Manual curation was performed as described before [234, 236]. Gap-filling of missing
reactions in a pathway was performed based on knowledge from physiological or biochemical data. These non-gene associated reactions could also correspond to non-enzymatic
reactions. The genomes of the studied organisms have gone through a process of extensive
reductive evolution [145, 247] resulting in potential cross-feeding between the two species.
Therefore, it is difficult to determine a priori whether a postulated metabolic gap is genuine.
Therefore, only non-gene associated reactions were allowed if they were present in at least
one of the already curated models. Other gaps were considered real and could potentially
be filled by cross-feeding.
Reactions involved in proteolysis of casein and uptake and degradation of the resulting
peptides were incorporated in the models. The amino acid composition of casein was taken
from literature [231]. It was assumed that all amino acids from the casein was accessible
as peptides or free amino acids through proteolysis. For ATP-driven peptide uptake, an
average amino acid length of nine amino acids was assumed, based on the finding that
the substrate-binding subunit of the peptide uptake Opp complex has the highest affinity for
peptides consisting of nine amino acids [52]. Furthermore, full hydrolyzation by peptidolysis
of those imported peptides into free amino acids was assumed. Reversible amino acid
proton symporters were incorporated into the model to secret excess amino acids.

Steady-state ecosystem modelling
Steady-state ecosystem modelling was performed using the method described in Khandelwal et al. [109]. PySCeS-CBM, an extension of the PySCeS software [168] was used to
determine the optimal biomass ratio between S. thermophilus and L. bulgaricus when they
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grow equally fast.

Results & Discussion
The evolved co-culture shows faster growth, lower final pH and better
yoghurt-like properties
The evolution experiment was carried out with S. thermophilus CNRZ1066 and L. bulgaricus
ATCC BAA-365, because they have no known growth history with each other and they were
sequenced at the time; both strains originate from French yoghurt starters. We grew the
two species together for over 1000 generations by serial batch cultivation in skimmed milk
to understand the adaptations of a yoghurt co-culture during the evolution process.
The evolved co-culture was able to reach a lower final pH, improved its maximum acidification rate by 19% and the time to reach the maximum rate decreased with 24% relative
to the wild type co-culture (figure 6.2). These results indicated that the two species have
adapted during the evolution experiment. The biomass yield on lactose increased with 47%
in the evolved co-culture relative to the wild type.
We investigated whether the evolved co-culture developed industrial interesting traits.
Therefore, the volatile compounds, which are important flavor components for yoghurt, were
measured in both cultures after 24 hours of cultivation (table 6.3). Acetaldehyde concentration, one of the most important flavor components in yoghurt, was higher in the evolved
co-culture relative to the wild type co-culture. Other two important yoghurt flavor components: diacetyl and 2,3-pentanedione, however, had lower concentrations in the evolved
co-culture relative to the wild type. A ratio of 1:1 of acetaldehyde:diacetyl gives a typical yoghurt flavour [276, 28]. In the wild type co-culture the acetaldehyde:diacetyl ratio was 0.11:1
and in the evolved this was 1.24:1, which is closer to a typical yoghurt flavour. This suggests
that the evolved co-culture produces a more typical yoghurt flavour relative to the wild type
co-culture, which is beneficial for industry. This may be the result of changes in species
abundances (see later), although diacetyl and acetaldehyde production do not seem to be
necessarily linked to either species [75].
One other important yoghurt property is its viscosity, for which the concentration of exopolysaccharides (EPS) is a main determinant. A high viscosity and EPS is characteristic for
yoghurt. The viscosity of the yoghurt from the evolved culture was almost three times higher
relative to the wild type and also the EPS concentration was more than 2.5 times higher in
the evolved co-culture (table 6.4).
These results show that during the evolution experiment the co-culture developed important traits that are useful for industrial yoghurt production; a higher maximum growth
rate, faster time to reach the maximum growth rate and a more typical yoghurt flavour. This
change in phenotypic behaviour was achieved over 1000 generations and could be the result of genomic mutations. Therefore, we sequenced the wild type and the evolved strains
to investigate the mutations that occurred during evolution.

Comparative genome sequence analysis reveals mutations in metabolism
related genes
We compared the genomes, transcriptome and extracellular metabolites of the wild type
and evolved co-culture. The genomes of the wild type and evolved S. thermophilus and L.
bulgaricus were sequenced and compared to each other.
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Figure 6.2: The evolved co-culture grows faster and reaches a lower final pH. In A the
pH is measured during growth and in B the rates and time to reach the maximum growth
rate is depicted.

Table 6.3: Analysis of volatile components in the wild type and evolved co-culture
Component
Acetaldehyde
Methanethiol
2-Proanone
Dimetylsulfide (DMS)
2-methyl-propanal
Diacetyl
2-Butanone
Ethylacetate
3-methyl-butanal
2-methyl-butanal
2-Pentanone
2,3-pentanedione
Dimethyldisulfide (DMDS)
2-Heptanone
Dimethyltrisulfide

Concentration (µM)
Wild type co-culture Evolved co-culture

252.16
21.67
1290.00
9.37
7.63
2333.33
68.00
25.67
1.40
0.60
8.57
423.33
1.03
9.40
1.60

367.05
28.33
1146.67
8.90
7.00
296.67
53.67
17.67
4.90
1.60
6.73
78.33
1.87
9.10
2.87

Table 6.4: Analysis of the viscosity and concentration of EPS in the yoghurt cultures
Component
Viscosity (mPas)
EPS (g/L)
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Wild type co-culture

Evolved co-culture

107 (6)
1.46 (0.04)

278 (30)
3.91 (0.48)
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Fifteen mutations in the coding regions, fourteen single nucleotide substitutions and one
single nucleotide deletion were identified in the evolved S. thermophilus relative to the wild
type. For L. bulgaricus, there were seven single nucleotide substitutions, where six occurred
in coding regions and one in an upstream region. In total, six mutations in S. thermophilus
and two in L. bulgaricus directly affect the functionality of an enzyme and thereby affecting
the phenotypic behaviour of the two species, where only five of those eight mutations are
metabolism related. These are the mutations we are interested in, because we hypothesize
that changes in the metabolism of the species causes the change in phenotype of the community. Four of these mutations are found in genes of S. thermophilus, that are involved in
ferric iron uptake, branched amino acids (BCAA) synthesis and central carbon metabolism.
One metabolism-related mutation was found on a gene of L. bulgaricus and is related to fatty
acid transport or metabolism.
A mutation on the genome of S. thermophilus was found in the iron-responsive genes
transcriptional repressor fur gene in the metalic binding site 2, which could result in a lower
affinity towards ferric iron [219]. The substitution of an aspartate to a histidine decreases
the activity of the repressor, which would result in a higher transcription of the iron transport
genes. This is also confirmed with the transcriptomic data. The fatABCD gene, encoding for
the iron ABC transporter, and the iron permease gene feoAB were higher expressed in the
evolved S. thermophilus relative to the wild type (10.4-37.8 fold and 2.5-2.6 fold respectively).
Another mutation on the genome of S. thermophilus was found in the als gene, which
encodes for the acetolactate synthase. This enzyme is involved in the BCAA synthesis
and the production of diacetyl and acetoin. The mutation caused a change of glycine into
glutamic acid at the binding site for the co-factor thiamine pyrophosphatase. What effect this
mutation has on S. thermophilus is unclear, but the gene expression is 5.0 fold increased in
the evolved strain relative to the wild type.
The last mutation in a metabolism related gene in S. thermophilus is in the gapN gene,
which encodes for a NADP-dependent glyceraldehyde-3-phosphate dehydrogenase. gapN
can be used as an alternative mechanism for NADPH production, because the oxidative
part of the pentose phosphate pathway is missing in S. thermophilus [174]. Previously,
NADPH generation was linked to amino acid degradation, and one may speculate that the
co-culturing with L. bulgaricus resulted in improved availability of amino acids, alleviaing
the need for gapN activity. It would thus be interesting to measure the gapN activity in
the evolved and wild type strains, which we unfortunately did not do. A kinetic model of
Streptococcus pyogenes shows that the gapN reaction enables the production of phosphoenolpyruvate, which is required for glucose uptake during low phosphate concentrations.
The only mutation in a metabolism related gene of L. bulgaricus was in LBUL_0063,
which is thought to play a role in fatty acid transport or metabolism [214]. This is consistent
with a 2.2-3.2 fold higher gene expression of the fatty acid synthesis genes in the evolved L.
bulgaricus relative to the wild type. The higher gene expression is also shown in co-culture
relative to the monoculture [222] and suggests that LBUL_0063 plays a role in the fatty acid
acquisition of L. bulgaricus.
In recent parallel longterm chemostat experiments with Lactococcus lactis, our group
found consistent mutations in the global carbon catabolism regulator CcpA, and follow-up
biochemical studies showed that this mutation resulted in differential binding affinities to
promoters, resulting in a massive reprogramming of gene expression by a single mutation
(Brancos dos Santos, Teusink, unpublished). In the current study, we found a mutation
in a subunit of the RNA polymerase in both S. thermophilus and L. bulgaricus. Also in
Escherichia coli, a mutation in a Rpo gene was found [120, 209]. Such a mutation may in
a similar fashion as in CcpA affect the binding affinity of the polymerase to promoters or
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Position
151195
250442
289618
385740
413374
586170
683939
725339
847292
1055098
1067308
1110735
1182279
1371875
1425619
61050
301103
333736
341010
998290
1288314
1756309

Base change
G >T
C >C >A
C >T
G >T
C >A
G >C
T >C
G >A
C >A
C >T
A >G
G >A
C >A
G >A
G >T
C >T
G >T
G >A
A >C
T >C
G >A

96
682
141

277
483
1221

193
160
402
450
245
817
145
878
560
464
288
477
226
420
196

L. bulgaricus

Gene annotation

Uncharacterized

Cell division protein FtsI

Fic family protein

Protein translation elongation factor G (EF-G)

DNA-directed RNA polymerase beta chain (EC 2.7.7.6)

ATP-dependent RNA helicase

DegV family protein

DNA polymerase III, epsilon chain (EC 2.7.7.7)

Folylpolyglutamate synthase (EC 6.3.2.12)/ Dihydrofolate synthase (EC 6.3.2.12)

Two-component response regulator

NADP-dependent glyceraldehyde-3-phosphate dehydrogenase (EC 1.2.1.9)

Lantibotic precursor

3-isopropylmalate dehydratase large subunit (EC 4.2.1.33)

Acetolactate synthase (EC 2.2.1.6)

Calcium-transporting ATPase (EC 3.6.3.8)

Ferric uptake regulation protein

Exoribonuclease II (EC 3.1.13.1)

Uridylate kinase(EC 2.7.4.-)

Glutathione reductase (EC 1.8.1.7)

Serine/threonine sodium symporter

Transcription elongation factor greA

DNA-directed RNA polymerase delta chain (EC 2.7.7.6)

S. thermophilus

Total AA

V28 >F
E655 >G
R8 >W

C62 >S
R18 >W
R326

E178 >STOP
Q15 >N ; STOP at 32
L194 >I
A138 >V
M198 >I
T180 >N
D46 >H
K339 >E
G417 >E
V172 >L
G236 >S
F228 >L
N155 >N
G21 >V
A139 >V

AA change

Table 6.5: Mutations found on the genome in the evolved species
Locus ID
str0133 (rpoE)
str0242 (greA)
str0303 (dctA)
str0408 (gor)
str0438 (pyrH)
str0625 (rnr)
str0724 (fur)
str0770 (pacL1)
str0923 (als)
str1201 (leuC)
str1215
str1263 (gapN)
str1336 (rr07)
str1546 (folC2)
str1601 (dnaQ)
LBUL_0063
LBUL_0313
LBUL_0343
LBUL_0348
LBUL_1085
LBUL_1377
LBUL_1933
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transcription factors, and in this way affect global gene expression.
The comparative genome analysis of the evolved strains and the wild type strains indicates that the BCAA, fatty acid, iron and central carbon metabolism in the evolved co-culture
differs from the wild type co-culture. However, a mutation in one enzyme would not necessarily influence the metabolic behaviour of the co-culture. Additionally, a mutation in the
Rpo gene can have even a broader effect on the gene expression in the two species in the
yoghurt co-culture. Therefore, we also analyzed the gene-expression of S. thermophilus and
L. bulgaricus during batch cultivation.

Gene expression changes are consistent with genome sequence changes
Changes at the transcriptomic level between the evolved and the wild type co-culture were
investigated in a separate batch experiment and the significant differences are listed in the
doctoral
thesis
of
Sander
Sieuwerts
(Thesis
can
be
found
on:
http://library.wur.nl/WebQuery/wurpubs/fulltext/12487). In S. thermophilus 949 genes were
significantly different expressed relative to the wild type strain and in L. bulgaricus this
was 277. The processes that showed most differences in S. thermophilus were related
to amino acid metabolism (109 genes) and translation, ribosomal structure and biogenesis
(99 genes). These processes differed also the most between the wild type and the evolved
strain of L. bulgaricus (27 and 66 genes respectively).
We mainly focus on the metabolism related genes. One of the more interesting differences was shown in the pfl gene, encoding for the pyruvate-formate lyase, which catalyzes
the conversion of pyruvate to acetyl-CoA and formate, was 2.7 fold higher expressed in
the S. thermophilus evolved strain. This could be benificial for L. bulgaricus, because formate can be exchanged between S. thermophilus and L. bulgaricus. Another interesting
observation is that the cah gene, that encodes for the enzyme that produces CO2 from bicarbonate, is lower expressed in the evolved S. thermophilus. This may indicate that less
CO2 is exchanged to L. bulgaricus, which is used to aid in the purine metabolism. CO2 is
partly produced during de novo biosynthesis of arginine and aspartate [10] and may be decreased, because L. bulgaricus provides the required amino acids and peptides due to his
proteolytic activity on casein. This is also confirmed in the gene expression data of L. bulgaricus where a 8.2 fold higher expression of the exoprotease gene prtB is observed. The
higher expression of the purine and amino acid metabolic genes are probably caused by the
higher growth rate. Another interesting observation from the transcriptomic data is that the
expression of the EPS production genes is higher in the evolved S. thermophilus, but also
in the evolved L. bulgaricus relative to the wild type strains. It may explain the higher EPS
production and viscosity in the evolved co-culture.
In the evolved L. bulgaricus, expression of two lactate dehydrogenases was 2.9-3.3 fold
higher relative to the parental strain. Also the genes in the purine pathway are higher expressed in the evolved strain. This is probably caused by the higher growth rate resulting in
a higher requirement for nucleobases. Additionally, the genes in the incomplete folic pathway are higher expressed in the evolved L. bulgaricus. This might be caused by a higher
growth rate in the evolved strain, but another possibility is that less folic acid is secreted by
S. thermophilus. A lower expression was observed in the sulfur amino acid biosynthesis
pathway, which might be caused by the higher expression of prtB, which encodes for an
enzyme that liberates sulfur containing amino acids from casein. The higher expression of
BCAA biosynthesis is consistent with the identified mutations in the evolved L. bulgaricus.
The changes observed on the transcriptomic level are consistent with the genomic mutations that are found in the evolved S. thermophilus and L. bulgaricus. Especially, the changes
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Figure 6.3: The evolved co-culture reaches a higher OD and the biomass ratio remains
more stable during the fermentation process. In A a growth curve is depected when
the co-culture was propagated three times before the actual experiment started to create a
natural biomass ratio. B shows the biomass ratio based on qPCR analysis

in the BCAA pathway in L. bulgaricus is consistent with the mutations found on the genome
of the evolved strains. Also consistent with the genomic mutations, the expression of the
Rpo genes are changed, which could influence the expression of other genes. Now that we
know what happened at the genomic and transcriptomic level, we moved on to characterize
changes at the cell physiological level.

Understanding the interactions by integrating experimental data with
computer models
A separate experiment was carried out to understand the dynamic interactions during coculture growth of S. thermophilus and L. bulgaricus. Previous experiments were carried out
with a starting biomass ratio of L. bulgaricus and S. thermophilus of 1:1 (OD/OD), but during
the evolution experiment the biomass ratios change in time. Therefore, we first inoculated
the wild type cultures and evolved cultures of S. thermophilus and L. bulgaricus with a 1:1
(OD/OD) ratio, but propagated this three times before the actual experiment started to obtain
a natural biomass ratio in the wild type and evolved co-culture. During the experiment, the
evolved co-culture reached an optical density which was two times higher relative to the wild
type co-culture as is shown in figure 6.3A. This data is consistent with the observations in
figure 6.2.
We also measured the organic acids, sugars and amino acids during the experiment to
investigate whether the metabolic profiles also have changed. Most interestingly is the difference in amino acids profiles between the evolved and the wild type co-culture. The amino
acid concentrations in the wild type co-culture remain low during the experiment, where in
the evolved co-culture the free amino acid concentrations are found in high concentrations
(figure 6.5). Especially, histidine could not be detected in the first nine hours of the wild
type co-culture fermentation, suggesting that this amino acid is limiting the growth of S.
thermophilus. This limitation was not observed in the evolved co-culture. The amino acids
accumulation coincides with growth of L. bulgaricus, which indicates that L. bulgaricus pro94
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Figure 6.4: Metabolite profiles of the wild type and evolved co-culture. In A the metabolite profiles of the wild type co-culture is shown. B shows the measured metabolites of the
evolved co-culture.

vides the free amino acids via its proteolytic activity (this is shown in the correlation matrix
in figure 6.10 where most amino acids show a high to perfect correlation with the biomass
of L. bulgaricus). In the wild type co-culture, accumulation of amino acids is later than in
the evolved co-culture and that explains mostly the difference between the two cultures.
Also the measured final lactose concentration in the evolved co-culture is lower relative to
the wild type indicating that the evolved co-culture consumed two times more lactose relative to the wild type co-culture. This is consistent with the two times higher optical density
of the evolved co-culture. A higher consumption of lactose, also results in higher lactate
and galactose concentrations although the production of these metabolites are not two fold
higher (1.51 and 1.68 respectively).
The metabolite profiles between the wild type and evolved co-culture differ significantly.
One explanation is that the amount of starting biomass of L. bulgaricus in the wild type coculture is low relative to the evolved co-culture. Therefore, it takes longer to see an effect of L.
bulgaricus on the metabolic profile, where in the evolved co-culture L. bulgaricus is present
in a higher amount and growth immediately effects the metabolite profile of the evolved coculture. In the first couple of hours, the changes in the metabolite profile in the wild type
co-culture is caused by the growth of S. thermophilus, especially the organic acids (figure
6.9). When L. bulgaricus starts to increase in biomass, amino acids start to accumulate and
the formate concentration decreases, which suggests that L. bulgaricus consumes formate
and proteolyses the protein in the milk.
We also investigated the ratios of S. thermophilus and L. bulgaricus by qPCR to investigate whether the biomass ratios between the two species changed during the evolution
process (figure 6.3B). Theoretically it is also possible to obtain the absolute cell numbers of
the two species in the co-culture by qPCR, but these numbers were not consistent with the
OD measurements (figure 6.6) and the metabolite data. This might be caused by the DNA
extraction process, which is based on enzymatic lysis with lysozyme. However, this solution
should be prepared freshly before the extraction, because an older lysozyme solution decreases the extraction efficiency. Therefore, it is possible that the extraction efficiency is not
equal in all samples. The samples from later time points are treated with older lysozyme,
which could explain that the absolute numbers from the qPCR do not increase after twelve
hours. However, the OD still increases and also the metabolite concentrations change in this
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Figure 6.5: Free amino acid concentrations in the wild type and evolved co-culture
shows that accumulation of the amino acids in the evolved co-culture occurs faster
than in the wild type co-culture.

time period (figure 6.4), which indicates that the species are still growing. This is inconsistent
with the determined absolute cell numbers from the qPCR data and, therefore, we decided
not to use the absolute cell numbers from the qPCR. The ratio of DNA from S. thermophilus
and L. bulgaricus, however, is robust if we assume that DNA extraction from both species is
similarly affected.
The biomass ratio in the wild type first increased rapidly, because S. thermophilus outgrows L. bulgaricus, presumably until the free amino acids and peptides that are present in
milk, become depleted. Only from that point on S. thermophilus is dependent on the proteolytic activity of L. bulgaricus. In the evolved co-culture, however, L. bulgaricus grows almost
equally fast as S. thermophilus. This results in a more stable biomass ratio over time, which
suggests that the two species are interacting with each other. From an evolutionary perspective it is also expected that the biomass ratio of the two species become more stable,
if they are both dependent on each other. In the optimal case, the growth rates of mutually
cross-feeding species would become equal [109].
The measured metabolic profiles represent the rates of the whole community and not
those of the individual species in the community and therefore, it is challenging to infer the
metabolic interactions between species in a community without integration of the experimental data with computer models [85]. Therefore, we reconstructed genome-scale metabolic
models of S. thermophilus and L. bulgaricus. Those models are capable to integrate the
genomic, transcriptomic and physiological data to understand the metabolic interactions be96
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tween the two species.

Figure 6.6: The absolute cell numbers based on qPCR data is not consistent with the
OD measurements. The OD values increases where the absolute cell numbers determined
by qPCR remain stable. This could be caused by the DNA extraction process.

Reconstruction of genome-scale metabolic model reveals potential interactions between L. bulgaricus and S. thermophilus and the most optimal biomass ratio
The metabolic networks of S. thermophilus and L. bulgaricus were reconstructed based on
genomic information and data from literature. The genome-scale metabolic model of S.
thermophilus was capable to synthesize all amino acids except for histidine and cysteine,
which is consistent with literature [174]. These amino acids have to be supplemented to the
medium in the form of free amino acids or peptides to observe growth in silico. L. bulgaricus
on the other hand was not able to synthesize any amino acid de novo [247], in line with its
proteolytic activity that provides the required peptides and amino acids for the production
of biomass. L. bulgaricus was also not capable to produce formate and folic acid in silico.
These components have to be supplemented in the medium or have to be secreted by other
microorganisms to show growth. We used the metabolic network of both species to design
a minimal medium that would contain all substrates that are required for growth (table 6.6).
Compared with known minimal media of S. thermophilus [129] and L. bulgaricus [35] the in
silico medium contained less components. We tested the minimal medium in the lab, but
we did not observe growth. Most likely, certain components that are required for growth are
overlooked in the metabolic model.
We also performed a lethality analysis to identify which reactions are required to obtain an
equal growth rate of S. thermophilus and L. bulgaricus and the reactions are listed in table
6.7 and 6.8 respectively. 182 reactions were identified that are lethal in S. thermophilus
and 196 reactions in L. bulgaricus. Not surprisingly the reactions in the core-metabolism
of both species are lethal when they are deleted. Interestingly, deletion of the reactions
involved in formate and folate production in S. thermophilus are also lethal, indicating that
this interaction is required for co-culture growth.
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Table 6.6: Minimal medium for S. thermophilus and L. bulgaricus
S. thermophilus
Phosphate
Lactose
Pantothenate
Nicotinate
Histidine
Riboflavine
Thiamine
Cysteine or Methionine
Glutamine, Urea, Threonine, Asparagine,

L. bulgaricus
Alanine
Phosphate
Thiamine
Cysteine
Tyrosine
Isoleucine
Nicotinate
Glycine

Serine, Alanine, Glutamate or Glycine

Phenylalanine
Lysine
Biotin
Methionine
Lactose
Histidine
Folate
Arginine
Tryptophan
Pantothenate
Serine
Valine
Formate
Leucine
Proline
Glutamate or Glutamine
Aspartate or Asparagine

Table 6.7: Deletion analysis of S. thermophilus identified 182 reactions that are lethal
for co-culture growth when they are deleted. The bold reactions are the folate and formate transport reaction.
S. thermophilus
R_ACACT1
R_ACCOAC
R_ADCL
R_ADCS
R_ADK1
R_AGAT_LLA
R_AHCYSNS
R_ALAALA
R_ALAR
R_ALATA_L
R_ALATRS
R_ARGTRS
R_ASNS2
R_ASNTRS
R_ASPTRS
R_biomass_STR
R_BTMAT1
R_CFAS180
R_CHORM
R_CHORS
R_CLPNS_LLA
R_CPSS_LLA
R_CYSTRS
R_DAGK_LLA
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R_DAHPS
R_DALTAL_LLA
R_DASYN_LLA
R_DDMAT5
R_DEMAT4
R_DHFOR2
R_DHFR
R_DHFS
R_DHNPA
R_DHPS3
R_DHQD
R_DHQS
R_DMATT
R_DNAS_STU
R_DNMPPA
R_DNTPPA
R_DPCOAK
R_DPMVD
R_DTMPK
R_ENO
R_FABM
R_FABM1
R_FABM2
R_FBA

R_FMNAT
R_FOLt
R_FORt2
R_G1PACT
R_G1PTMT
R_G3PD1
R_GALTAL
R_GALU
R_GAPD
R_GAT1_LLA
R_GCALDt
R_GF6PTA
R_GLNS
R_GLNTAL
R_GLUDy
R_GLUR
R_GLUTRS
R_GLYCt5
R_GLYTRS
R_GMPS2
R_GRTT
R_GTPCI
R_HBUHL1
R_HBUR1

R_HCO3E
R_HDDHL5
R_HDDR5
R_HDEHL4
R_HDER4
R_HDMAT7
R_HEMAT2
R_HEX1
R_HHDHL7
R_HHDR7
R_HHYHL2
R_HHYR2
R_HISt6
R_HISTRS
R_HMGCOAR
R_HMGCOAS
R_HOCHL3
R_HOCR3
R_HODHL8
R_HODR8
R_HPPK
R_HTDHL6
R_HTDR6
R_ILETRS

R_IMPD
R_IPDDI
R_kaasIII
R_LACZ
R_LCTSGALex
R_LEUTRS
R_LPGS_LLA
R_LTAS_LLA
R_LYSTRS
R_MACPMT
R_MCMAT2
R_MCMAT3
R_MCMAT4
R_MCMAT5
R_MCMAT6
R_MCMAT7
R_MCMAT8
R_METAT
R_METTRS
R_MEVK
R_NACUP
R_NDPK1
R_NDPK2
R_NDPK4

R_OCMAT3
R_PAPPT1
R_PFK
R_PFL
R_PGAMT
R_PGGT2
R_PGI
R_PGK
R_PGM
R_PGMT
R_PGPP_LLA
R_PGSA_LLA
R_PHETRS
R_PIabc
R_PMEVK
R_PNTK
R_PNTOt2
R_PPA
R_PPCDC
R_PPNCL
R_PROTRS
R_PROTS_STR
R_PRPPS
R_PSCVT

R_PTPAT
R_RBFK
R_RBK
R_RHC
R_RIBFLVt2
R_RNAS_LLA
R_RPE
R_RPI
R_SERTRS
R_SHK3D
R_SHKK
R_TDMAT6
R_TDPDRE
R_TDPDRR
R_TDPGDH
R_THMabc
R_THRTRS
R_TKT2
R_TMDPK
R_TMDS
R_TRDR
R_TRPTRS
R_TYRTRS
R_UAAGLS1

R_UAGCVT
R_UAGDP
R_UAGPT1
R_UAMAGS
R_UAMAS
R_UAPGR
R_UDCPDP
R_UDCPDPS
R_UDPG4E
R_UGLDDS1
R_UGT1_LLA
R_URIDK1
R_VALTRS
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Table 6.8: Deletion analysis of L. bulgaricus identified 196 reactions that are lethal for
co-culture growth when they are deleted. The bold reactions are the folate and formate
transport reaction.
L. bulgaricus
R_ACACT1r
R_ACCOAC
R_ACGAMT
R_ADSL1
R_ADSS
R_AGAT_LPL
R_AHCYSNS
R_ALALAC
R_ALAR
R_ALATA_Lr
R_ALATRS
R_ARGTRS
R_ASNTRS
R_ASPTRS
R_ATPS3r
R_biomass_LBUL10
R_BTMAT1
R_BTNt2i
R_CASabc
R_CASL
R_CASPROTL
R_CFAS180
R_CGPT
R_CLPNS_LPL
R_CO2t
R_CPSS_LPL
R_CYSTRS
R_CYTK1
R_DAPDC
R_DASYN_LPL

R_DDMAT5
R_DEMAT4
R_DHFOR2
R_DHFR
R_DMATT
R_DNAS_LPL
R_DPCOAK
R_DPMVD
R_DTMPK
R_DUTPDP
R_ENO
R_FABM1
R_FABM2
R_FOLt
R_FORt
R_FTHFL
R_G1PACT
R_G1PTMT
R_G3PCT
R_G3PD1
R_G6PDHy
R_GALt6
R_GALU
R_GAPD
R_GAT1_LPL
R_GF6PTA
R_GLNS
R_GLNTAL
R_GLUR
R_GLUt6

R_GLUTRS
R_GLYK
R_GLYt6
R_GLYTRS
R_GRTT
R_GTAglcS
R_GTAPGL
R_H2Ot5
R_HBUHL1
R_HBUR1
R_HCO3E
R_HDDHL5
R_HDDR5
R_HDEHL4
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Figure 6.7: In silico analysis shows that the measured biomass ratio is close to the
optimal biomass ratio.
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The biomass ratio of the evolved co-culture remained fairly stable during the growth experiment relative to the wild type co-culture. Therefore, we approached the modeling under
the premise that both strains grew equally fast during the growth experiment. Under that
regime, using the community FBA modelling approach described by Khandelwal et al. [109],
we can identify what biomass ratio would correspond to the highest growth rate (figure 6.7).
In this approach only the total lactose uptake of the ecosystem and the proteolytic activity
of L. bulgaricus were constrained (-51.994 and 0.007 mmol/h respectively). The lactose
consumption rate constraint is based on experimental co-culture data and the proteolytic
constraint of L. bulgaricus on mono-culture data. The biomass ratio that resulted in the
highest growth rate under these constraints is between 1.9 and 2.6. The experimentally determined biomass ratio was 3.2. There are several ways to quantify the species; plating the
species and count the colony forming units, determine the amount of genes with qPCR or
measure the cells with a flow cytometer. We decided to quantify the genes with qPCR, because the other methods were not suitable for the yoghurt culture. For instance, plating the
species and counting the colony forming units works for species that are growing as single
cells. Both S. thermophilus and L. bulgaricus form chains of multiple cells [95, 193] and one
chain of multiple cells would result in only one colony forming unit. The flow cytometer was
also not a suitable method for the quantification of both species, because the cultures were
grown in non-transparent milk medium, which makes them impossible to detect in that matrix. Quantification of cells by their gene-copies was a fast and reliable method to determine
the ratios of the strains. We extracted the DNA with enzymatic lysis of the cells, but we are
aware that the enzymatic reaction between samples can differ. Therefore, we did not use
the absolute quantification of the species in the samples, because we cannot compare them.
However, we could determine the biomass ratio between S. thermophilus and L. bulgaricus
within a sample, because both species in that sample are exposed to the same enzymatic
activity of the lysozyme.
The experimentally determined biomass ratio results in an 11% lower growth rate relative to the optimal biomass ratio according the in silico prediction. However, the calculated
growth rate of 2.4 h−1 is much higher than the maximal determined growth rate of around 1.0
h−1 [3]. This might be caused by the lack of additional constraints, such as formate exchange
and amino acid uptake which all would result in a lower growth rate, but also in different optimum biomass ratios. We observed that the optimum biomass ratios are sensitive to the
various constraints imposed on the metabolic model. Also the proteolytic activity rate of L.
bulgaricus had a big influence on the optimal ratio. Depending on the strains, the optimum
biomass ratio could be any number. Therefore, we implemented as little constraints as possible to try to understand how the two species theoretically would interact when both species
grow equally fast. Now, we could identify the interactions in the co-culture at the experimentally determined biomass ratio. One of the main interactions is based on the production of
formate by S. thermophilus and the consumption of these products by L. bulgaricus, which
is consistent with the experimental data. In the experimental data an increase of formate is
observed in the wild type co-culture when S. thermophilus grows and the formate concentration decreases when L. bulgaricus increases in biomass, indicating that formate is produced
by S. thermophilus and consumed by L. bulgaricus. L. bulgaricus on the other hand provides the peptides and amino acids via its proteolytic activity. This is also consistent with
the experimental data where free amino acids accumulate in the medium when L. bulgaricus
grows as shown in a correlation matrix in figure 6.10. One might wonder which species will
take up the peptides to achieve optimal growth in the microbial community. At our calculated
optimal biomass ratio, S. thermophilus does not take up any peptides, but if we look at the
FVA analysis, we do see that it is possible to consume the peptides. Therefore, we conclude
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from the in silico analysis that there is no evidence that L. bulgaricus takes up all the peptides and S. thermophilus grows on the secreted amino acids. However, as said before, the
calculated optimal biomass ratio is sensitive to constraints imposed on the model and it is
possible that at certain conditions L. bulgaricus consumes all peptides, but we did not test
this.
We found no additional potential interactions between S. thermophilus and L. bulgaricus
which were unknown before [222]. Inferring interactions between species in a microbial
community based on only experimental data is challenging. Therefore, we suggested that
experimental data should be integrated with the use of computer models for the inference
of metabolic interactions [85]. This approach would allow to fit the experimental data with
the metabolic model to quantify the exchange reactions and was successfully applied in a
synthetic co-culture (chapter 5). Our yoghurt co-culture, however, is more complex involving
multiple interactions and grows also on a non-defined complex medium. We, therefore, could
not fit our experimental data with the computer models. This could be caused by errors in
the data -yoghurt is rather difficult to work with- or because of the lack of physiological
understanding of the ecosystem.
One of the major limitations of our metabolic model is that we used a constant amino
acid composition of casein, i.e. we assumed that the peptides and resultant amino acids
had a fixed amino acid stoichiometry. Because the biomass composition of both species
is also fixed, and growth rate was equal, we cannot but predict a constant amino acid over
lactose ratio. However, the amino acid per consumed lactose would also be constant in
the evolved co-culture, because both species grow equally fast and we assume that they
have the same biomass composition during the course of the experiment and therefore, also
the same amino acid requirements for biomass synthesis. However, the amino acid production per lactose consumption changes during the experiment (figure 6.8). These points
to dynamics in the proteolysis process, with peptides of different amino acid composition
appearing in time; this is currently impossible to model properly, and data to even try are
currently lacking. We have tried in a dynamic FBA setup to dynamically estimate peptide
release based on the growth and amino acid dynamics, but the degrees of freedom were too
large to arrive at specific predictions. All the amino acids from the medium can be taken up
by the two species. S. thermophilus, for instance, can consume threonine, but can further
convert it to isoleucine, which complicates the inference of the metabolic interactions from
experimental data. Therefore, we were only capable to identify the potential interactions
between S. thermophilus and L. bulgaricus and not the quantification of those interactions
based on the data. We can therefore conclude that the evolved co-culture improve the interactions in the directions that community FBA would predict, both in terms of the biomass
ratio and the exchange of formate and amino acids. These changes are consistent with the
genomics and transcriptomics data.

Concluding remarks
We evolved a co-culture of S. thermophilus and L. bulgaricus in a batch experiment for
over 1000 generations to understand how these two species would adapt to each other.
The co-culture developed some important industrial traits, such as higher viscosity, higher
growth rate and a more yoghurt-like diacetyl/acetaldehyde concentration ratio at the end of
the fermentation. Batch evolution experiments select for the species that are most viable
and have the highest biomass after twenty-four hours. At the end of the experiment single
colonies were isolated for further analysis. Our specific setup does not explicitly select for
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Figure 6.8: The produced amino acids per consumed lactose in the wild type and
evolved co-culture. A constant amino acid production or consumption per consumed lactose was expected when the amino acid composition of the peptides and the biomass composition would be constant during the experiment. The dynamical behaviour of amino acid
production suggests that there is no such fixed amino acid composition, which makes the
inference of the metabolic models from experimental data complicated.
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the dependency of the interactions between two species, because both species can grow independently of each other in milk. An evolution experiment that selects for optimal metabolic
exchange rates between species, requires a medium where the species are completely dependent on each other. In our co-culture this would be a medium without any free amino
acids, which would make S. thermophilus fully dependent on L. bulgaricus during the whole
fermentation process. However, in our experiment S. thermophilus first grows on the free
amino acids that are present in milk before it becomes dependent on the proteolytic activity
of L. bulgaricus. Genomic and transcriptomic comparison of the wild type co-culture and
the evolved co-culture suggests that changes in the metabolic interactions occurred during
the evolution experiment. A follow up experiment could be carried out where we perform
the evolution experiment with milk treated by a protease negative LAB strain, to have those
peptides removed. We then can compare whether the presence of free amino acids at the
start of the fermentation would influence the metabolic strategies between the two species
and genetic adaptations in the two species.
In this study we show that a combination of experiments and a modeling approach allows us to understand the adapted evolution of a yoghurt co-culture. The evolved co-culture
developed a higher growth rate, more biomass and improved industrial traits. We also show
that the observed stable biomass ratio of the evolved co-culture is close to the in silico determined optimal biomass ratio for maximum growth of the species in the ecosystem, but is
sensitive to additional constraints on the metabolic model. The molecular data suggested
that the main interactions are based on the purine and amino acid metabolism, which is consistent with the metabolic modeling of S. thermophilus and L. bulgaricus. The interactions
were already known in the literature, but this example shows how useful these metabolic
models can be to study metabolic interactions in microbial communities. Therefore, this integrative approach of molecular data with metabolic modeling allowed us to find the metabolic
adaptations of a yoghurt community during experimental evolution.

Supplemental information
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Figure 6.9: Correlation matrix of all the measured parameters in the wild type coculture during the growth experiment using Spearman correlation.

Figure 6.10: Correlation matrix of all the measured parameters in the evolved coculture during the growth experiment using Spearman correlation.
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The potential of metabolic models in microbial ecology studies
In this thesis we investigated the applicability of metabolic models to study microbial communities. Metabolic models have successfully been applied to understand and predict the
physiology of industrially important species, such as Escherichia coli and Saccharomyces
cerevisiae. For single species, tools and methods exist to integrate different data types molecular and physiological- for discovery and prediction of phenotypes. However, microbial
communities are more complex than those species and the mechanisms that underlie the
community dynamics and interactions are often unknown. Most studies on microbial ecosystems are based on molecular techniques to identify the important members in the community
and their metabolic potential. We have investigated to what extent metabolic models could
also become an important tool for microbial ecology studies. We used them to understand
the behaviour of individual species in a community, but also to infer interactions between
species making it a versatile tool for microbial ecology.

Metabolic models to understand the physiology of microorganisms
One of the reasons that community behaviour is poorly understood is the presence of unknown species. Few species in a community are isolated in pure culture and therefore, we
lack the knowledge about the physiology of those uncultured species and their metabolic potential in a community. However, with the increased power of the next-generation sequencing
methods, combined with decreased processing costs, it is now possible to reconstruct full
genomes from species in an environmental sample [100, 5, 93]. These genomes elucidate the metabolic capacities of uncultured species that are present in this microbial dark
matter [194]. Several of the most important ecological discoveries in previous years were
done based on those molecular techniques. One of them was the discovery of an organism that could carry out the complete nitrification process instead of the formerly accepted
theory that two microorganisms are required for that process [250, 45]. Others discovered a
full methanogenic pathway in a non-methanogen [58]. To improve the physiological understanding of the newly discovered species, one could perform cultivation experiments. Unfortunately, the majority of the species have never been grown in pure culture in the laboratory
yet. This hampers the understanding of the physiology of those species, but can potentially
be overcome using metabolic models that are based on the reconstructed genome. We think
that metabolic models can be extremely useful to calculate possible metabolic phenotypes
of uncultured species. Potentially, optimal medium compositions can be predicted based on
the metabolic model, which would help to grow those species in the lab. For instance, analysis with a genome-scale metabolic model of Bordetella pertussis resulted in the decrease
of the amount of medium components and an increase in the product yield (Brancos dos
Santos, unpublished).
In chapter 3 we constructed a genome-scale metabolic model of Methanosaeta concilii,
because it was unknown how this species could generate sufficient energy for growth. M.
concilii is a strict anaerobic methanogen, which can utilize only acetate as an energy source.
The yield on acetate is so low that this methanogen lives on the border of what is thermodynamically feasible. Several hypotheses have been postulated in the literature regarding
the energy conservation strategies in M. concilii and we systematically tested all hypotheses with the genome-scale metabolic model. We mainly focused on the stoichiometry of the
reactions that are involved in proton or sodium translocation; the mechanism of energy conservation in M. concilii. The stoichiometry of such reactions can hardly be determined from
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genome-sequences. On top of that, experimental determination of these stoichiometries,
carried out in other methanogens, is very challenging, which would question the validity of
these results. The genome-scale metabolic model was used to find the stoichiometry of
these proton and sodium translocating enzymes that would result in in-silico growth. We
combined this with an approach where we calculated whether this stoichiometry can be
achieved based on thermodynamics. This approach allowed for an assessment of the feasibility of certain hypotheses. However, the thermodynamic analysis is highly influenced by
the concentrations of the molecules that are involved in the process, such as the intracellular and extracellular proton concentration. A ten-fold difference in molecule concentrations,
not uncommon in biology, would therefore influence the outcome of the thermodynamic calculations. Therefore, we also calculated if a ten-fold difference in molecule concentrations
would result in a stoichiometry that is sufficient for growth in those hypotheses and we found
that these hypotheses would still be rather unlikely under these conditions. However, without exact values for molecule concentrations, this chapter is still a preliminary study to find
the strategy of M. concilii and additional experiments have to be carried out to confirm our
in silico analysis. Nevertheless, we have shown that a genome-scale metabolic model is
a valuable tool to simulate different scenarios in an attempt to understand the metabolic
behaviour of a microorganism.
Reconstruction of the metabolism of an organism can also be used to find potential interactions between species. Especially, the interactions of the species inhabiting the gut with
the human host have gained increased attention from the research community, because
of their potential in human health. The gut inhabits numerous species, some of which are
beneficial for the host [59, 185]. These species influence the immune system via signaling pathways [224], but can also metabolically interact with the host [156]. For instance,
microorganisms produce short chain fatty acids, bile acid, vitamins and choline, which are
beneficial for the host they inhabit. In those cases metabolic models can be used to identify
the potential interactions between the species and the host. Indeed, various studies have
used genome-scale metabolic models to understand the interactions between microbe and
host [220, 90, 130]. For instance, in silico analysis by Shoaie et al. shows that different
species composition of the microbial community results in different metabolic profiles, such
as increased butyrate production, which is beneficial for the host. Another study by Levy et
al., based on the metabolic models, showed that co-occuring species in an ecosystem are
frequently competing with each other. All these studies show the potential of genome-scale
metabolic models for the study of microorganisms.

Metabolic models allow for the inference of metabolic interactions in a
community
In addition to test hypotheses about microbial metabolism in silico, metabolic models could
be used for the inference of metabolic interactions from experimental data. This approach
would complement to the co-occurence and correlation networks, which may identify possible positive and negative interactions between the community members. Here, the metabolic
models are data repositories that integrate all meta-omics data in one model. In chapter 2,
we show how we think that metabolic models can be used for the understanding of microbial communities and their interactions in combination with meta-omics data. This approach
was successfully tested in chapter 5. In chapter 6 however, we were not able to infer the
metabolic interactions from experimental data. We believe that this is caused by the flexibility
of the metabolic networks of the various microorganisms. In chapter 5 we used species with
a rigid metabolism and therefore, we were able to quantify the metabolic interactions in the
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ecosystem from the experimental data. However, some species in a microbial community
have a flexible metabolism, which allows them to grow on different substrates and produce
different fermentation products. These species are versatile and can have a large set of
potential interactions with other community members. For a community with species with a
flexible metabolism, such as the yoghurt co-culture that we studied in chapter 6, inference
of metabolic interactions is more challenging, because the species can interact with each
other via multiple metabolic pathways. However, the models can still be a valuable tool to
investigate the potential interactions the species could have with each other.
We decided to work with genome-scale metabolic models to infer these metabolic interactions in a community. However, other modeling approaches exist that also try to understand
microbial communities, but address different aspects. One of these approaches is ecological
control analysis [200], which tries to identify the functional group - a set of microorganisms
that share the same metabolic function, such as methanogens - in a community that controls
the flux of matter through the system, in analogy with Metabolic Control Analysis. Ecological control analysis describes a species as if it is an enzyme that consumes and produces
metabolites, without describing how the substrate is converted to a product intracellularly.
Therefore in this framework the interactions between the species is known, and kinetic data
(Monod constants, inhibitory constants) is required to derive at predictions of controlling organisms. We use genome-scale metabolic models to infer how the species interact with
each other and, therefore, our approach in this thesis irelates to ECA as Metabolic Flux
Analysis does to MCA. Kinetic parameters fitted through dynamic FBA (Chapters 4 and 5)
could possibly be used within the ecological control analysis framework, and this may be
interesting for future work.
Another modelling approach for microbial communities is individual based modeling (IBM)
[67, 119, 121, 91]. In this framework the behaviour of each individual cell and its activity in
a population is described. This type of modelling is more complex relative to genome-scale
metabolic modelling, because the individual cells are modelled in a grid, and spatial organisation of the community is described in this framework, including diffusion and other transport phenomena. IBM is capable to predict spatial patterns in a biofilm. The main difference
between IBM and community FBA is that in IBM spatial organization is taken into account,
although attempts have been made to include spatial organization in the FBA framework
[88]. IBM on the other hand lacks the detailed description of the intracellular metabolism of
the different species in the community.
The strong point of genome-scale metabolic models relative to the other community modeling methods is that it directly can integrate metagenomics and metatranscriptomics data
and thereby can give insight into the cellular behaviour of the species in an ecosystem.
Other modeling approaches mainly describe the species as a black box that consume and
produce certain metabolites and requires prior knowledge about the species in the system.
With genome-scale metabolic models the substrates and products can be identified based
on the genomic data with a minimum on prior knowledge. That is the strength of genomescale metabolic models and therefore they are so useful in combination with metagenomics
data, because most species in the community are not well characterized. However, as also
illustrated in this thesis, genome-scale metabolic models have also their limitations, because
many aspects -kinetics, spatial effects- are not taken into account.

Prediction versus explanation of community behaviour
Metabolic models of pure cultures can predict the physiology of the species during various
environmental conditions. We asked whether we could also predict species behaviour in a
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co-culture. If species would behave similarly in a community and in pure culture, the community metabolic behaviour can be predicted by combining the different metabolic models.
In chapter 4 we have shown that the metabolic behaviour of a species changes when it is
grown in a co-culture, which suggests that community behaviour is not the sum of all individuals, which is generally known. However, this has major implications on the usability of
metabolic models for microbial ecosystems, because models that agree with data on pure
cultures, do not necessarily predict the right phenotype of the species in a community. We
have shown that metabolic model of C. acetobutylicum is incapable to predict the metabolism
of C. acetobutylicum when grown with H2 -consuming organisms. From this observation, we
concluded that instead of predicting the metabolic behaviour of C. acetobutylicum, the model
can be useful to infer the metabolic interactions from experimental community data. We successfully show in chapter 5 that this is possible. We fitted the model with the experimental
data of a co-culture and quantified the H2 production rate of C. acetobutylicum when grown
on different nitrogen sources.
The reason that species in a community do not have the same phenotype as in pure
culture is that in a community different metabolite concentrations are present relative to
the pure cultures. Changing metabolite concentrations derived from the consumption and
production of other community members result in the metabolic adjustment of cells when
products feed back into the metabolic or signal transduction networks. We have shown that
the concentration of H2 in the environment, which inhibits two enzymes of C. acetobutylicum,
resulted in changing metabolism of C. acetobutylicum. The low H2 concentrations could only
be achieved when other species consume the H2 . Abiotic removal of H2 also results in a
change in metabolism of C. acetobutylicum, but not that pronounced compared to growth
with W. succinogenes. The kinetic properties of species in a community, therefore, are important factors, which are not predictable. For instance, product inhibition or other inhibitory
effects of metabolites, such as high NH+
4 concentrations on methanogens, cannot be predicted from the metabolic models. They have to be known and subsequently implemented in
the metabolic models before these models can predict the metabolism in a community and
is one of the major limitations of metabolic models.
One other important aspect in ecosystems modelling with genome-scale metabolic models is how optimal the species in a community behave, and how this can be captured in the
form of an objective function. What could be the objective function of a community? In our
dynamic FBA approach, we maximized the biomass function for each species to calculate
the metabolic behaviour of a community. Several examples indicate that maximization of the
biomass function does not predict the metabolic phenotype correctly without imposing additional constraints on the model [213, 235]. That is also what we show in chapter 4 where
butyrate was not produced by C. acetobutylicum according the in silico predictions and is
inconsistent with the experimentally observed butyrate production. The incorrect in silico
prediction is caused by the nature of the stoichiometric model, which optimizes an objective
function that finds the flux distribution resulting in the highest yield. Similar results are found
for Lactobacillus species that maximizes its rate and not its yield. Therefore, predicting the
metabolic behaviour of these species with a genome-scale metabolic model would result in
wrong predictions of the metabolic behaviour without imposing additional constraints onto
the model [236]. Prediction of the metabolic behaviour of a species with metabolic modeling is challenging. However, several theories have been proposed for the behaviour of the
species in an ecosystem, such as game theory [73]. In game theory the gain of one species
does not depend only on its own strategy, but also on the strategy of the other species in a
community, which would not always result in the most optimal strategy for both species.
Another example that is encountered in microorganisms in a community is the tragedy of
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the commons [140]. Certain species in a community try to grow as efficient as possible and
thereby optimizing its yield and other species try to grow as fast as possible and optimize for
rate. Often the species that optimize the rate would outcompete the species that optimizes
for yield, but there is a certain yield-rate trade-off. A study by Bachmann et al. showed
how Lactococcus lactis also had a yield-rate trade-off in the form of a Pareto-front. The
selected slow growing cells showed the energy efficient mixed-acid fermentation, where fast
growing cells would produce lactate, which is less efficient. This type of metabolic behaviour
of microbes cannot be explained with the metabolic models, especially not when they are
part of a complex microbial ecosystem.
Above mentioned theories show that prediction of the metabolic behaviour of a species
with stoichiometric models is challenging. One of the most important limitations of the
metabolic models is that kinetics are not included. One solution we used in this thesis is
the use of dynamic FBA (chapter 4 and 5). For dynamic FBA the biomass function of each
species is separately optimized [206], but different objective functions are used for steady
state community modeling: maximization of the biomass function with the constraint that
both species grow equally fast [109], maximization of the community biomass [274] or maximization of one species in a mutualistic co-culture [229]. This shows that there is still no
consensus about how species in an ecosystem should be modelled. Therefore, it is difficult
to predict species behaviour in a community with genome-scale metabolic models.

Genome-scale or coarse-grained models?
The metabolic models, which are used to study the physiology of a certain microorganism,
cover all reactions that are encoded on the genome. They consist of 100-1000’s of reaction,
which makes them a data-repository for metabolism, based on molecular and physiological
data. A data repository should be as complete as possible and are therefore important for the
understanding of the physiology of microorganisms. Besides covering the full metabolism
of a species, certain models, the so-called ME-models, implement gene expression, transcriptional regulation, and protein synthesis on top of metabolism [111, 128]. Such models
integrate all available information into one comprehensive model. How important is such
level of detail for the understanding of microbial ecosystems?
The genome-scale metabolic models are useful when all the potential interactions of a
species in a community are explored. Metabolic dependencies between species can be
identified using those models. This can be deceptive when an exotic organism is used:
they lack physiological data, which is often used for the manual curation of the models.
In chapter 3 we reconstructed a genome-scale metabolic model of M. concilii, which lack
certain enzymes for amino acid biosynthesis on the genome. However, from the physiological data it is known that M. concilii is capable to synthesize all amino acids. Based
on the genomic information alone, one would conclude that the M. concilii relies on other
species in the community for the production of certain amino acids, which in reality is not the
case. Genome-scale metabolic models depend heavily on correct annotation of the genes
on the genome and on the available knowledge of the genes on the genomes. In E. coli, the
most intensively investigated bacterium, 34% of all genes have an unknown function [169].
This percentage increases for less well-studied organisms. Therefore, interactions based on
secondary metabolites or other non-core metabolites remain difficult to identify, even with
genome-scale metabolic models. However, genome-scale metabolic models is the best we
have and therefore we have to use them to identify all potential interactions in a community,
and we can use mismatches between data and model predictions as leads and incentives
to improve annotation of less-studied organisms.
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One of the disadvantages of genome-scale metabolic models is that they are very flexible, because all known metabolic reaction are incorporated in the model. However, this
results in an increased degree of freedom, meaning that multiple solutions exist for one specific problem. For instance, glucose consumption in the genome-scale metabolic model of
C. acetobutylicum can result in butyrate production, but also in acetate production. Many
calculated flux distributions are feasible, but only one is consistent with experimental data.
This flexibility in one model immediately increases the flexibility of the community. This is
unwanted when the goal of the models is the inference of the metabolic interactions in a community, because flexibility in the metabolism of a species increases the uncertainty about the
rate of exchanged metabolites. Therefore, a reduction in the degrees of freedom is required.
One of the strategies to reduce the degrees of freedom is to measure additional fluxes, such
as the acetate or butyrate production flux. However, in a community, acetate and butyrate
can be produced by other species than C. acetobutylicum. Measurements of metabolites
provide information on the community-level, but not on the species level and will, therefore,
not reduce the degrees of freedom in the model.
The degrees of freedom can be decreased by reducing the detail of the metabolic model
to create a coarse-grained model. However, changes in the metabolic behaviour can generally not be captured when degrees of freedom are removed in such a coarse-grained model.
One should therefore be aware of the explicit assumptions made in coarse-graining, and
be careful with the interpretation of the results. For instance, in chapter 5 we decided to
construct a coarse-grained model of Wolinella succinogenes, because we only knew the
core metabolism of this species. We also found no evidence from the experimental data
that other metabolic processes besides the core metabolism influenced the community behaviour. This coarse-grained model had a simplified biomass function, which we fitted with
the experimental data. When the model was consistent with the experimental data, we
checked whether the C:N ratio of the biomass function was in the same range as other microorganisms. In our case, we could fit all the experimental data with the coarse-grained
model of W. succinogenes, but we would create more detail into the model when this would
not be the case. Therefore, it really depends on the species and the experimental data when
a coarse-grained model is sufficient for the inference of metabolic interactions in a microbial
community.
Using genome-scale metabolic models or coarse-grained models depends on the research question and the kind of data that is available. For instance, in chapter 3 we used a
genome-scale metabolic model, because we wanted to understand the energy conservation
strategy of M. concilii. All available knowledge was therefore implemented to get a complete
picture of the capabilities of this methanogen. In chapter 5 we used one genome-scale
metabolic model and one coarse-grained model and in chapter 6 we used genome-scale
metabolic model of S. thermophilus and L. bulgaricus for inference of all possible metabolic
interactions between a wild-type and an evolved co-culture. Both models are used to study
microbial ecosystems, but they are used in different ways. The coarse-grained models are
primarily used by environmental biotechnologists who try to understand the production process of anaerobic digestion [197] or polyhydroxyalkanoate from mixed substrate [104] to
develop strategies to improve the yield of certain products. Often the coarse-grained models are used in combination with kinetics information and thermodynamic calculations [114].
The genome-scale metabolic models, on the other hand, are primarily used to understand
the metabolic interactions between species in a community and those research questions
are more biologically orientated and are now mainly focussed on the interactions between
the host and gut microbiome [130, 220].
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Wrong annotation in genome-scale metabolic models
The success of genome-scale metabolic modelling of complex communities relies primarily
on the accuracy of the models. One of the strengths of them is that it can be used as data
repositories of experimental data. However, as data-repositories genome-scale metabolic
models rely on the current knowledge of gene annotation and comes primarily from genome
sequences and the subsequent annotation of the encoded genes. However, a wrong gene
annotation could potentially result in a wrong metabolic model, which results in faulty predictions. Missing reactions, caused by non-identifiable genes or by promiscuous proteins,
could also result in wrong predictions. Therefore, identifying the role of genes, what protein they encode for and what their specific role is in the cell, remains important. Several
approaches are developed that could overcome this problem of missing gene annotation
data and even predict the functionality of unknown genes. One of them, for instance, is
the likelihood-based gene annotation method, which predicts alternative functions for genes
and its likelihood based on sequence homology [19]. Other approaches also try to predict genes that are linked to metabolic reactions and this computational approach results in
more reactions in the genome-scale model relative to the manually curated version of the
model [160]. Via these attempts genes can be correctly linked to an enzyme with a known
function. However, species contain pseudogenes and can be misplaced as active genes
in the metabolic model. Therefore, software is developed to identify such pseudogenes
[269, 164], but that is mostly for pure cultures and not for metagenomic datasets. Pseudogenes can be a problem in metagenomic datasets; up to 35% of prokaryotic genomes
can consist of pseudogenes [135]. There is no software present yet that finds those pseudogenes in metagenomic datasets, but there are databases available where you can find
prokaryotic pseudogenes [107]. Additionally, enzymes can be promiscuous and can utilize
multiple substrates [159, 155]. These are all things that could result in inaccurate models
and have to be taken into account when genome-scale metabolic models are constructed
from metagenomic data.

Outlook
The goal of this thesis was to investigate to what extent metabolic models are a useful
tool to understand microbial ecosystems. We have positive experiences with pure cultures
and several relatively simple co-cultures: models have their limitations but do lead to better
understanding of metabolism and interactions within microbial consortia. The next step is to
extend this to more complex ecosystems, but this will come with certain challenges.
Inaccuracy of the constructed models is hard to detect when complex communities are
modelled, because there are so many degrees of freedom in interactions between species,
but also in the metabolic models itself. Therefore, the models have to be simplified or the
amount of species have to be reduced to be able to track the behaviour of the models. One
solution is to model not individual species in a complex community, but the functional groups
in a microbial ecosystem. When communities become more complex, a certain overlap
in the metabolic capacities of the community members is inevitable. Several studies have
shown that the performance of a community is constant, while the biomass abundances
within the community fluctuates [65]. This suggests that species compete with other species
for a niche and by tiny fluctuations in the environment are capable to secure a dominant
position in the community. However, the performance of the ecosystem is not significantly
affected by the change in microbial abundances. Though a complex community consists
of hundreds of species, it is possible that only a handful of niches are important for the
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performance of the community. For instance, the microbiome in healthy humans shows
variance on the phylum level, but there is little variance on the metabolic pathways present
in those species [39]. Therefore, all species could then be classified to those niches, which
makes the simulation of an ecosystem less complicated.
Together with functional grouping of species in a microbial community, inclusion of spatial
organization of a microbial community in the genome-scale metabolic modelling framework
would increase our understanding of complex microbial communities. IBM is already able
to predict the spatial organization in microbial communities and also describes functional
groups in a community. To successfully use genome-scale metabolic modelling for microbial
communities, it will have to use those strengths of IBM in combination with its own strength;
the description of the metabolism. In this way genome-scale metabolic models can be a
useful tool to understand the complex microbial communities. Not necessarily in predicting
the community behaviour, but primarily as a tool to understand the community and its species
and why and how species interact with each other.
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Microbial communities play an important role in human society. They, for instance, clean
our waste water and digest our food. To enhance their performance, a better understanding
of the relationships and interactions between the community members is required. Therefore, microbial communities and their interactions are intensively studied. However, one of
the challenges of studying microbial communities is that most species in an ecosystem are
not culturable and therefore, we do not know the metabolic capabilities and potential interactions of most species. Fortunately, sequencing of the full genome of a species allows to
identify its metabolic potential without requiring phenotypical data. Nowadays, all DNA from
a microbial community is sequenced, the so-called metagenome, and this provides useful
insights about a microbial community. The metagenomic data provides a wealth of information, but the work in this thesis was performed in the belief that more information can be
extracted from metagenomic data. The way we did this is to integrate the experimental data
with genome-scale metabolic models.
Genome-scale metabolic models are created based on the genomic information of a
species and contain the full set of metabolic reactions represented as stoichiometries and
thereby neglecting the kinetics of these reactions of a species. Though the metabolic models
are relatively simple, they are very powerful for the study of pure cultures to, for instance, find
targets for metabolic engineering strategies. Since the metabolic models are so successful for pure culture studies, they have the potential to also become an important tool in the
study of microbial communities. Therefore, we investigated how useful these genome-scale
metabolic models are in the study of microbial communities. We tested different microbial
ecosystems to understand what the strengths and weaknesses are of this modeling approach.
In chapter 1 we give a general introduction about microbial ecology. We also describe
what techniques are used to answer the fundamental questions in the field. Additionally, we
explain the potential of genome-scale metabolic models to study microbial ecosystems, in
particular with the commonly used method of ’Flux Balance Analysis’ (FBA). We summarize
what questions can be answered with this method and how synthetic ecosystems could help
to understand microbial communities.
We explain in more detail in chapter 2 how we think metabolic modeling of microbial ecosystems could improve our understanding of microbial communities. We argue that the level of
detail in the model is dependent on the ecosystem and the type of research question that
one wants to answer. We also think that the metabolic models are a useful tool for data
integration, especially for the inference of metabolic interactions from experimental data.
One of the advantages of a genome-scale metabolic model is the possibility to test several
hypotheses in silico that are difficult to test in vivo. We tested several hypotheses regarding free energy transduction of the methanogen Methanosaeta concilii in chapter 3. It is
unknown what strategy M. concilii uses for its energy conservation and therefore several
hypotheses were postulated in the literature. From our in silico analysis we concluded that
the most likely scenario that M. concilii can grow is that it contains more efficient proton
and sodium ion translocating proteins relative to other methanogens. We also stressed the
importance of the biomass composition in this genome-scale metabolic model for accurate
prediction of the growth rate.
We then tested whether it was possible to predict the phenotypic behaviour of Clostridium
acetobutylicum in a co-culture with a curated genome-scale metabolic model in chapter 4.
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The interaction between C. acetobutylicum and the other species was based on interspecies
hydrogen transfer and we observed differences in the metabolism of C. acetobutylicum when
H2 was rapidly removed by the other species. This phenotypic behaviour cannot be predicted with a genome-scale metabolic model alone, and additional kinetic parameters had
to be implemented into the model of C. acetobutylicum to simulate its behaviour in a coculture correctly. Clearly, and not unexpectedly perhaps, behaviour from monocultures that
is used to validate genome-scale metabolic models, cannot always extrapolated to the phenotype of a species in a microbial ecosystem. However, such models can still be useful to
explain the phenotypic behaviour of species in a community; they might be useful for the
inference of metabolic interactions in a microbial ecosystem. Therefore, we co-cultured C.
acetobutylicum and Wolinella succinogenes during different environmental conditions to investigate the impact on the interspecies hydrogen transfer in chapter 5. We integrated the
experimental data with the computer models for the inference of the metabolic interactions
in the community. We showed with this approach that the nitrogen source affects the rate of
hydrogen transfer between the species which could not be concluded from the experimental
data alone. This study successfully showed that integration of experimental data with a modeling approach results in the inference of metabolic interactions in a microbial ecosystem.
In previous chapters we worked with synthetic ecosystems where we could design the type
of interactions between the species. In chapter 6 we worked with a more complex and
natural ecosystem: a yoghurt co-culture consisting of Streptococcus thermophilus and Lactobacillus bulgaricus. Firstly, we conducted an evolution experiment with S. thermophilus
and L. bulgaricus that had no growth history with each other. We investigated whether they
would enhance the interactions between the species during the adaptive evolution. The
evolved co-culture developed some interesting industrial traits and from the genomic, transcriptomic data and the metabolic modeling of the co-culture we concluded that the evolved
co-culture improved the interactions related to amino acid and purine metabolism.
In the last chapter (chapter 7) we discuss the impact of genome-scale metabolic models
and synthetic ecosystems on the study of microbial ecosystems. We have shown in this
thesis that genome-scale metabolic models are very useful to study individual species in a
community, investigate the potential interactions between species in a community and infer
the metabolic interactions from simple synthetic ecosystems. However, inference of complex
microbial communities is more difficult and its success highly depends on the ecosystem and
the experimental data that has to be integrated. Overall, genome-scale metabolic models is
a powerful tool to study microbial ecosystems.
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Microbiële gemeenschappen spelen een belangrijke rol in de maatschappij. Zij reinigen
bijvoorbeeld afwalwater en helpen ons om ons voedsel af te breken. Om hun prestaties
te verbeteren, is een beter begrip van de onderlinge relaties en interacties tussen de bacterie soorten nodig. Daarom zijn microbiële gemeenschappen en hun interacties intensief
bestudeerd. Echter, een van de uitdagingen is dat de meeste microbiële soorten in een
ecosysteem niet te cultiveren is en daardoor kennen wij niet de metabole capaciteiten van
de meesten. Gelukkig stelt het volledig sequencen van het genoom van een soort ons in
staat om inzicht te krijgen in zijn metabole potentiaal zonder dat fenotypische data nodig is.
Tegenwoordig kan al het DNA van een microbiële gemeenschap gesequenced worden, het
zogenaamde metagenoom, en dit levert nuttige informatie op over de microbiële gemeenschap. Het levert een schat aan informatie, maar het werk in dit proefschrift is uitgevoerd
met de gedachte dat nog meer informatie uit deze metagenoom data gehaald kan worden.
We deden dit door experimentele data te integreren met genome-scale metabole modellen.
Genome-scale metabole modellen worden gecreerd op basis van genomische informatie van een microbe en bevat de volledige set van metabole reacties uitgedrukt in stoichiometriën waar de kinetiek van deze reacties weggelaten wordt. Al zijn dit soort modellen
relatief simpel, ze zijn erg belangrijk voor de studie van pure culturen om, bijvoorbeeld,
doelwitten te vinden voor metabolic engineering strategiën. Aangezien deze modellen zo
succesvol waren voor studies van pure culturen, hebben ze ook de potentie om een belangrijk middel te zijn voor de studie van microbiële gemeenschappen. Daarom hebben we
onderzocht hoe nuttig deze genome-scale metabole modellen zijn in het bestuderen van
microbiële gemeenschappen. We testten verschillende microbiële ecosystemen om te begrijpen wat de sterke en zwakke punten zijn van deze modelleer aanpak.
In hoofdstuk 1 geven we een algemene inleiding over microbiële ecologie. We beschrijven welke technieken gebruikt worden om fundamentele vragen in dit veld te kunnen beantwoorden. Ook leggen we uit wat de potentie van de genome-scale metabole modellen zijn
in het bestuderen van microbiële gemeenschappen, met de nadruk op een vaak gebruikte
methode genaamd Flux Balans Analyse (FBA). We vatten kort samen welke vragen beantwoord kunnen worden met deze methode en hoe synthetische ecosystemen kunnen helpen
bij het begrijpen van natuurlijke microbiële ecosystemen.
In hoofdstuk 2 leggen we in meer detail uit hoe wij denken dat modelleren van het
metabolisme ons kan helpen om microbiële gemeenschappen beter te begrijpen. Wij betogen dat de hoeveelheid detail in het model afhankelijk is van het ecosysteem en de onderzoeksvraag die men probeert te beantwoorden. Ook denken wij dat metabole modellen een
belangrijk middel is voor data integratie, vooral voor het bepalen van metabole interactions
op basis van experimentele data.
Een van de voordelen van een genome-scale metabool model is dat verschillende hypotheses getest kunnen worden in silico die erg moeilijk in vivo te testen zijn. Wij testten
verschillende hypotheses met betrekking tot vrije energie transductie in de methanogeen
Methanosaeta concilii in hoofdstuk 3. Het is onbekend welke strategie M. concilii gebruikt
voor zijn energie conservatie en daarom zijn verschillende hypotheses opgesteld. Uit onze
in silico analyse concluderen wij dat de meest waarschijnlijke scenario is dat M. concilii
een efficiëntere proton en natrium ion translocatie eiwitten heeft ten opzichte van andere
methanogenen. We benadrukken ook het belang van de biomassa samenstelling in het
genome-scale metabool model voor een accurate voorspelling van de groeisnelheid.
In hoofdstuk 4 testten we of het mogelijk was om het fenotype van Clostridium acetobutylicum te voorspellen in een co-cultuur met een genome-scale metabool model. De interactie tussen C. acetobutylicum en andere soorten is gebaseerd op waterstof uitwisseling en
we zagen verschillen in het metabolisme van C. acetobutylicum wanneer H2 snel werd verwi136
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jderd door de andere soorten. Dit fenotype kon niet voorspeld worden door de genome-scale
metabool model en extra kinetische parameters moesten geïmplementeerd worden om het
gedrag van C. acetobutylicum correct te simuleren. Duidelijk, maar ook niet verrassend,
kan fenotypisch gedrag van een soort in pure cultuur niet geëxtrapoleerd worden voor het
gedrag van dezelfde soort in een microbiële gemeenschap met behulp van genome-scale
metabole modellen. Echter, de modellen kunnen wel nuttig zijn om het fenotypisch gedrag
te verklaren; ze kunnen gebruikt worden voor het bepalen van metabole interactions in een
microbieel ecosysteem. Daarom hebben we C. acetobutylicum en Wolinella succinogenes
geco-cultiveerd onder verschillende condities om te onderzoeken wat de impact is op H2
uitwisseling in hoofdstuk 5. We integreerden experimentele data met de computer modellen om de metabole interacties in de gemeenschap te kunnen bepalen. We laten met
deze aanpak zien dat de stikstofbron de snelheid van H2 uitwisseling tussen de twee soorten
beïnvloed en dit kan niet worden geconcludeerd op basis van alleen de experimentele data.
Deze studie laat succesvol zien dat integratie van experimentele data met een modelleer
aanpak resulteert in het bepalen van metabole interacties in een microbieel ecosysteem.
In voorgaande hoofdstukken werkten we aan synthetische ecosystemen waar we de interacties tussen de soorten zelf konden bepalen. In hoofdstuk 6 werkten we met een complexere en natuurlijke ecosysteem: een yoghurt co-culture bestaande uit Streptococcus thermophilus en Lactobacillus bulgaricus. Als eerste hebben we een evolutie experiment met S.
thermophilus en L. bulgaricus, die geen verleden met elkaar hadden, uitgevoerd. We onderzochten of de soorten de interacties tussen elkaar zouden verbeteren tijdens aangepaste
evolutie. The geëvolueerde co-cultuur ontwikkelde enkele industrieel interessante eigenschappen en van de genoom, transcriptoom data en het metabool modelleren van de cocultuur concludeerden wij dat de co-cultuur de interacties gerelateerd aan aminozuur en
purine metabolisme verbeterd had.
In het laatste hoofdstuk (hoofdstuk 7) bediscussiëren wij de impact van genome-scale
metabole modellen en synthetische ecosystemen voor het bestuderen van microbiële gemeenschappen. We hebben laten zien in dit proefschrift dat genome-scale metabole modellen
erg nuttig zijn voor het bestuderen van pure culturen, het onderzoeken van potentiële interacties tussen verschillende soorten en het bepalen van metabole interacties van simpele
synthetische ecosystemen. Echter, het bepalen van metabole interacties in complexe microbiële gemeenschappen is veel moeilijker en het succes is afhankelijk van het ecosysteem
en de experimentele data dat geïntegreerd moet worden. Globaal gezien zijn genome-scale
metabole modelen een erg krachtig hulpmiddel in de studie van microbiële ecosystemen.

137

Publications

Publication list
C.A. Suarez-Mendez, M. Hanemaaijer, A. ten Pierick, J.C. Wolters, J.J. Heijnen, S.A. Wahl,
Interaction of storage carbohydrates and other cyclic fluxes with central metabolism: A quantitative approach by non-stationary 13 C metabolic flux analysis, Metabolic Engineering Communications 3 (2016), 52-63
M. Hanemaaijer, W.F.M. Röling, B.G. Olivier, R.A. Khandelwal, B. Teusink, F.J. Bruggeman,
Systems modeling approaches for microbial community studies: from metagenomics to inference of the community structure, Frontiers in microbiology 6 (2015): 213
T. Veiga, D. Solis-Escalante, G. Romagnolia, A. ten Pierick, M. Hanemaaijer. A. Deshmuhk,
S.A. Wahl, J.T. Pronka, J.M. Daran, Resolving phenylalanine metabolism sheds light on
natural synthesis of penicillin G in Penicillium chrysogenum, Eukaryotic cell 11.2 (2012):
238-249

139

CV

Curriculum Vitae
Mark Hanemaaijer was born at Februari 27, 1988 in Delft. Raised in Kwintsheul, municipality
Westland, he attended the primary school ’Pieter van der Plas school’ in Wateringen. After
primary school, he went to the secondary school ’CLD’ in Delft, where he attended the
gymnasium and followed the ’Nature and Health’ track combined with Economics, Greek
and Computer Science. He was always interested in the combination of biology, chemistry
and physics and thought that ’Life Science & Technology’, a combinatorial program between
TU Delft and Leiden University, was the best fit for him. During his bachelor thesis, he
worked with the iron-oxidizer Galionella ferruginea to understand the competition between
chemical and biological iron oxidation at neutral pH under the supervision of Weren de Vet
in the Environmental Biotechnology group headed by Mark van Loosdrecht in Delft. After
that, Mark chose to do the master track ’Cell Factory’ in Delft, where he wanted to combine
experimental work with the modeling of biological processes. During his master thesis in the
group of Sef Heijnen and supervised by Camilo Suarez-Mendez and Aljoscha Wahl he could
combine experimental work with modeling. Mark worked with Baker’s yeast in bioreactors
and investigated the impact of the growth rate on the fluxes in the storage carbohydrate
metabolism. He performed instationary 13 C-tracer experiments in chemostat to quantify the
metabolic fluxes in Baker’s yeast. Mark obtained his degree in 2011 and could immediately
start a PhD under the supervision of Bas Teusink and Wilfred Röling at the VU Amsterdam
and this thesis is the result of that work. After his PhD he started as a postdoc at the
University of California Davis in the group of Greg Lanzaro to work on population genomics
of malaria vectors.

141

Acknowledgements

Acknowledgements
This dissertation is the result of more than four years of research, but I could not do it
without the help and support of the people around me and I would like to reserve this part of
my dissertation to acknowledge them.
First of all, I want to thank Bas Teusink for the opportunity to do this research in your lab.
Your enthusiasm about experimental data, your way to look at it and how you use that to tell
a nice story, is really inspiring. I learned a lot from you and I hope that I can incorporate all
these things in my future job.
I also want to thank Wilfred Röling. Although you haven’t seen the end result of my PhD
project, I still want to thank you for your daily supervision. Your character was the contrary
of Bas his character, which resulted that I got the best of both worlds. Your knowledge about
the recent literature and your dedication to research was impressive. I will never forget that
I received a corrected version of a manuscript at 3 o’clock in the morning.
I would like to thank Rob for stepping in for Wilfred during the last couple of months of
my project. It wasn’t easy, but thank you for your help.
Next, I would like to thank the reading committee for their time and effort to evaluate this
dissertation.
Brett, I would like to thank you for your help with the software and modeling part in this
dissertation. It was so convenient to work with software which was developed by the person
who was sitting next to you in the office. I also want to thank you for tolerating me as your
office-mate. I know my desk was always a mess, but somehow you could live with that.
Frank, I also want to thank you. Your were not officially on the project, but your input had
a big impact on my dissertation. I enjoyed your enthusiasm, because that made me also
enthusiastic.
Next, I would like to thank my paranimphs Joost Aerts and Phillipp Schmidt. Thanks for
all the organising stuff. I really appreciate it, because it is hard to arrange all the things from
abroad. I also enjoyed the borrels with you.
Of course, I also would like to thank the technicians. Martin, thank you for your help and
patience with the reactors. You have set them up numerous times and I failed them almost
just as much. In the end it paid off and resulted in nice data. Marijke, thank you for your
succinate determination and the introduction in the world of the mitochondria. Vera, thank
you for your help with the amino acids. Your work saved me probably many headaches.
Over the years several students helped me with my project. That is why I want to than
Aleix, Aris, Idris and Milo for their help in this project. I learned a lot from you and I hope you
also learned a lot from me. I wish you all the best in the future.
Luckily, I didn’t have to care about all the administrative stuff during my time as a PhD
student. The main reason for that was the secretary. Thank you Jeannet and Jacqueline for
relieving me of all the administrative work.
Raquel, I would like to thank you for teaching me all the anaerobic techniques, so I could
start my time in the lab without too many problems. I also liked your company during the
’borrels’ and I wish you all the best in Spain. Lucas Patty, bedankt voor de gezelligheid en
de escalaties en succes met je onderwerp die verder niemand in de groep begrijpt. Lucas
Fillinger, jij bedankt voor het redden van mijn project doordat je zo aardig was om mij je
Wolinella stam te lenen. Ik wens je veel succes en plezier met je nieuwe project in deine
heimat. Niclas, thank you for the nightly adventures during conferences. It was always a
shame that you weren’t in great shape the next day. Timo, bedankt voor het lenen van je
skispullen tijdens de cursus in Innsbrück. Helaas ben ik in die tijd nog niet zo goed als jou
geworden.
143

Exploring the potential of metabolic models for the study of microbial ecosystems

Of course I would also like to thank everyone else in the ’Systems Bioinformatics’ and ’Molecular Cell Physiology’ group. Research is way more fun when you are surrounded with nice
and enthusiastic people. Jan, Johan, Filipe, Coco, Ruchir, Zahid, Jose, Susanne, Susana,
Douwe, Ulisses, Timo, Joost, Esther, Daria, Meike, Pinar, Koen, Martijn, Niclas, Iraes, Anisha, Nakul, Herwig, Remco, Hans, Fred, Jurgen, Willi, Qing, Dennis, Chrats, Rick, Iris, Joep,
Domenico, Evert, Tim, Klaas, Lan Anh, Patricia, Shintaro. Thank you for being around and
making my time a nice time.
Ik wil ook mijn vrienden van de middelbare school, universiteit en voetbal bedanken die
voor de gezelligheid en afleiding zorgden.
Verder wil ik ook mijn familie bedanken. Bedankt mam, pap voor jullie liefde, vertrouwen
en mogelijkheden die jullie me hebben gegeven. Ook wil ik natuurlijk Rob en Mathilde en
Petra en Joeri daarvoor bedanken.
En als laatste kom ik bij jou Marieke. Dank je wel dat je er altijd was gedurende mijn tijd
als promovendus. Dank je wel dat je me hebt aangestoken met je reislust, want we hebben
in deze periode veel mooie en bijzondere dingen gezien en gedaan. Ik ga er van uit dat we
dat een mooi vervolg kunnen geven in Amerika.
Mark
22 november 2016

144

