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1. Abstract

1. Abstract

Life on earth takes place in communities of interacting organisms. These interactions add function-
ality and complexity on top of the members of a community. As such, they are key to understanding
and predicting the behavior of communities, and ultimately applying these findings in medicine,
engineering and environmental policies.

This work focuses on a certain type of interaction, called cross-feeding interaction. The term
describes a relationship of one organism producing a metabolite, which is then consumed by another.
Experimental study of cross-feeding interactions is resource intensive and often relies on prior
knowledge of candidates for metabolites mediating said interactions.

Metabolic modelling is a bioinformatics technique for the simulation of metabolic states, which
are combinations of reaction activities in a metabolic network of one or multiple organisms. As
such, metabolic modelling could be used to explicitly model cross-feeding interactions and propose
candidate metabolites for experimental investigation.

This work explores ways to harness the knowledge-base aspect of metabolic modelling for
inferring cross-feeding interactions in microbial communities. As a starting point, the secondary
metabolite production of a single organism, Streptomyces venezuelae, and its change after ethanol
stress were investigated. The metabolic network of the organism was reconstructed, including a
map from genes to enzymes to metabolic pathways. This allowed investigating gene expression
changes in pathway enrichment analysis. Together with metabolomics data, changes in production
of commercially desirable compounds, such as the antibiotic chloramphenicol, could be shown in
response to ethanol shock.

In a follow up study, this experimental setup was repeated to analyze deletion mutants of regulatory
genes that are related to ethanol shock, as identified in the first set of experiments. Massive gene
expression changes could be shown in the deletion mutants compared to wild type, as well as
over-expression of certain secondary metabolites.

Moving on to modelling of multiple organisms, several gaps and limitations were identified in the
metabolic modelling toolbox. Two areas in particular, the generation of community metabolic models
and the visualization of interactions, were prohibitive. To solve this, a python package for community
metabolic modelling was developed (PyCoMo). PyCoMo generates community metabolic models
from metabolic models of its members, implements a model structure allowing to switch between
two types of linearization, fixed growth and fixed abundance, and allows efficient calculation of all
potential cross-feeding interactions.

In addition, ScyNet, a Cytoscape app was developed, solving the problem of visualizing the
complex metabolic networks of community metabolic models. By reducing the metabolic network to
community members and exchanged metabolites, community metabolic models and their cross-
feeding interactions can be informatively represented.

These methods were applied to a set of pairwise communities of gut archaea-bacteria co-cultures
and predicted several possible cross-feeding interactions.

This work presents the potential of metabolic modelling for predicting and understanding cross-
feeding interactions and closes gaps in the toolkit. With further improvements and validation,
metabolic modelling could provide high quality candidates for metabolomics experiments to measure
cross-feeding interactions and guide the engineering of microbial communities.
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2. Kurzfassung

2. Kurzfassung

Leben auf der Erde besteht aus Lebensgemeinschaften von interagierenden Organismen. Diese
Interaktionen erweitern Funktionalität und Komplexität von Lebensgemeinschaften über die Summe
der Mitglieder hinaus. Daher sind diese Interaktionen der Schlüssel, um das Verhalten von Lebens-
gemeinschaften zu verstehen und vorherzusagen, sowie diese Erkenntnisse in Medizin, Technik
und ökologischer Gesetzgebung anzuwenden.

Diese Arbeit beschäftigt sich mit einer bestimmten Art von Interaktion, den "cross-feeding"
Interaktionen. Der Begriff beschreibt das Verhältnis zweier Organismen, bei dem ein Organis-
mus einen bestimmten Metaboliten herstellt, welcher von einem anderen Organismus konsumiert
wird. Um "cross-feeding" Interaktionen zu untersuchen oder nachzuweisen benötigt es teure und
zeitaufwendige Experimente, und häufig müssen die zu testenden Kandidaten vorher bekannt sein.

Metabolische Modellierung ist eine bioinformatische Methode zur Simulation von metabolischen
Zuständen, der Ansammlung von Aktivitäten chemischer Reaktionen im metabolischen Netzwerk
eines oder mehrerer Organismen. Als solches erlaubt metabolische Modellierung die explizite
Simulierung von "cross-feeding" Interaktionen und dadurch potenziell die Vorhersage geeigneter
Kandidaten für Experimente.

Diese Arbeit untersucht Methoden um den Wissensdatenbank Aspekt von metabolischen Model-
len für die Vorhersage von "cross-feeding" Interaktionen in mikrobiellen Gemeinschaften zu nutzen.
Den Startpunkt bildet die Untersuchung der Produktion von sekundären Metaboliten eines einzelnen
Organismus’, Streptomyces venezuelae, und der Änderungen nach Ethanol-Stress. Dazu wurde
ein metabolisches Netzwerk des Organismus rekonstruiert, inklusive einer Verbindung von Genen,
zu Enzymen, zu Stoffwechselwegen. Diese Verbindung erlaubte es, die Änderung in Genexpres-
sion mittels "pathway enrichment analysis" zu untersuchen. Zusammen mit Metabolom-Daten
konnten Veränderungen in der Produktion kommerziell relevanter Stoffe, wie das Antibiotikum
Cholramphenicol, in Zusammenhang mit Ethanol-Schock gefunden werden.

Eine nachfolgende Untersuchung wurde mit demselben experimentellen Aufbau die Deletionsmutanten
von regulatorischen Genen untersucht, welche in den ersten Experimenten eine Verbinung zu
Ethanol-Schock zeigten. Hier konnte eine massive Veränderung der Genexpression in den Mutanten
im Vergleich zum Wildtyp beobachtet werden, sowie eine erhöhte Produktion einiger sekundärer
Metabolite.

Im nächsten Schritt wird metabolische Modellierung auf mehrere Organismen erweitert, wobei sich
mehrere Lücken und Limitationen im Repertoire der Methoden gezeigt haben. Zwei Aspekte waren
besonders einschränkend: die Erstellung von metabolischen Modellen von Lebensgemeinschaften,
sowie deren graphische Darstellung. Um das erste Problem zu lösen, wurde ein Python package
namens PyCoMo für metabolische Modellierung von Lebensgemeinschaften entwickelt. PyCoMo
erstellt metabolische Modelle von Lebensgemeinschaften basierend auf metabolischen Modellen der
Mitglieder. Die Struktur der Modelle erlaubt einen Wechsel zwischen zwei Modi der Linearisierung,
mit fixer Wachstumsrate oder mit fixen Abundanzen der Mitglieder. Weiters ermöglicht PyCoMo
eine effiziente Berechnung aller möglichen "cross-feeding" Interaktionen.

Zusätzlich wurde ScyNet, eine Cytoscape App, entwickelt, welche das Problem der Visualisierung
der komplexen metabolischen Netzwerke von Lebensgemeinschaften löst. Durch die Reduktion des
metabolischen Netzwerks einer Lebensgemeinschaft auf ihre Mitglieder und deren ausgetauschte
Metabolite können informative Grafiken erstellt werden.

Diese Methoden wurden auf einen Datensatz von paarweisen Kulturen von Archaeen und
Bakterien angewandt und mehrere potentielle "cross-feeding" Interaktionen vorhergesagt.
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Community metabolic modelling for cross-feeding prediction

Diese Arbeit stellt das Potential von metabolischer Modellierung für die Vorhersage die Un-
tersuchung von "cross-feeding" Interaktionen vor, und schließt Lücken im Methoden-Repertoire.
Durch weitere Verbesserungen und Validierung könnte metabolische Modellierung hochwertige
Kandidaten für Metabolom-Experimente zur Untersuchung von "cross-feeding" Interaktionen liefern,
sowie die Erstellung und Optimierung mikrobieller Lebensgemeinschaften leiten.
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3. Introduction

3. Introduction

3.1. Communities

Communities are the fundamental organization of life. Other than colonies, which are groups of
organisms of the same species or strain, communities are groups of organisms of different taxa.
These organisms live in the same habitat and can interact with each other [1]. The term community
is, however, not limited to cooperative relationships, it merely describes cohabitation of diverse
organisms. Communities can include taxa from different kingdoms, such as having both unicellular
and multicellular organisms, or plants and animals as members. As such, the term can also describe
host-microbiome, or host-parasite relationships.

Defining the term makes clear, how ubiquitous and diverse communities are. This thesis focuses
on microbial communities of bacteria and archaea. Microbial communities are present in almost
every part on earth, from the deep-sea [2] to deserts [3], wastewater [4] or the human gut [5].
Given their prevalence, they are relevant to many scientific fields, but also agriculture, industry and
medicine [5–7].

3.1.1. Analysis of microbial communities

A fundamental method for the analysis of natural microbial communities is metagenomics [8, 9].
It allows to assess the genomic and phylogenetic diversity without the need for cultivation. There
are also bottom-up approaches using model communities of cultivable species [10–12]. These
approaches are resource demanding, as there are many different parameters to be investigated.
Thus, such model communities consist of only a few members, as the complexity and required
work for experiments and analyses rises quickly with the number of community members. In both
cases, many different experimental techniques can be applied to study specific aspects, such as
metabolomics [13], metatranscriptomics [14], or spatial resolution with FISH and microscopy [15,
16]. These are restricted by the availability and amount of study material, which can be extremely
limited for in vivo experiments, such as in ocean communities or medical samples.

3.1.2. Emergent properties

The reason communities are so widely prevalent is, that they are more than the sum of their
members. In other words, communities have emergent properties [17–19]. For example, waste
degradation is a complex metabolic process, involving numerous steps. Microbial communities are
capable of such metabolic processes, despite each member only being able to carry out a subset
of metabolic conversions. In addition, greater functional potential allows communities to better
adapt to environmental changes, or to use a specific niche in the first place. Having redundancy in
community members of specific functions can lead to higher stress tolerance. Furthermore, over
the course of time, a community can differ in the abundance or even the presence of its members.
Thus, communities are much more fluid than individual organisms, which have to mutate in order to
evolve. As such, emergent properties are the reason for the success and prevalence of microbial
communities.
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3.1.3. Interactions between community members

A big driver of emergent properties are the interactions between community members. The term
interaction describes a set of vastly different mechanisms and outcomes, which can also be used
to categorize them [20, 21]. An interaction requires at least two different actors. A popular way
of categorizing interactions is, by the outcome for the actors (positive, neutral or negative). The
combinations of the interaction signs gives a total of six distinct interaction categories (Fig. 3.1).
While this model can be intuitively understood, the sign of an interaction can be difficult to measure
and also depends on the time frame in question (long-term vs. immediate).

Interactions can also be categorized by mechanism. For example, one actor can eat another
(predation), or make nutrients available in the environment by secreting catalytic enzymes [21–23].
The scope of this work is a specific mechanistic type of interaction, the cross-feeding interaction,
which will be explained in greater detail in section 3.2. Interactions also include complex traits such
as quorum sensing, or biofilm generation [22, 24]. These two examples showcase interactions,
where even the definition of the actors in the interactions is difficult. However, it is quite clear how
these interactions can give rise to emergent properties in communities: Quorum sensing allows
a cooperative reaction and regulation within the community, and biofilms can protect otherwise
vulnerable microbial members. Thus, interactions are crucial for the functionality of communities.
Consequently, understanding of interactions is important for ecological policies, designing and
optimizing communities for industrial purposes and applications in human health.

3.2. Cross-feeding interactions

Cross-feeding interactions consist of one organism producing and secreting a metabolite, which is
taken up and consumed by a second organism [25]. This process is, however, not limited to two
interaction partners, but can involve several producers and consumers.

Cross-feeding interactions have a positive outcome for the recipient. The outcome for the producer
is mostly neutral, however a positive outcome is possible if the cross-fed metabolite would be toxic
or inhibiting for the producer [26]. Conversely, a negative outcome can be seen for the producer,
if the release of the metabolite is involuntary, or the released metabolite was meant to stay in the
environment or be taken up later [25].

3.2.1. Origin and evolution of cross-feeding interactions

In microbial communities, cross-feeding interactions are well known in trophic interactions, such
as the human gut, or waste degradation [27]. However, the diversity and complexity of microbial
community is far greater than the number of their trophic levels. Thus, community members
are expected to be in competition, which has been seen as a disagreement with a fundamental
principle in ecology, the competitive exclusion principle [25]. This states, that if organisms are
in direct competition, under stable conditions and given enough time, only the organism with the
highest fitness will survive. Multiple theories have formed, trying to explain this phenomenon: the
existence of niches allows co-existence of competitors, natural environments being fluctuating and
frequently perturbed, and cross-feeding interactions which provide a benefit greater than the cost of
competition.

It has been shown that cross-feeding can be established beyond trophic interactions. The
following paragraphs will give examples on mechanistic and evolutionary explanation for the origin
and prevalence of cross-feeding interactions.

A key requirement for cross-feeding interactions is that the target metabolite needs to be available
to the recipient. Apart from intended secretion of metabolites like waste products, this can also
happen involuntarily, e.g. by leakage through the membrane [28–30]. The cell membrane is typically
considered a clear separation between the inside and outside of the cell. However, metabolites can

12



3. Introduction

ralism

mensalism

Mutualism

Amensalism

Compet

Preda

A

B

Nutrient competition

Protective biofilm Quorum sensing

Cross-feeding

Figure 3.1.: Types of interactions in microbial communities. (A) Categorization by sign of the out-
come for the interacting organisms. (B) Four examples of interaction mechanisms.
Interacting organisms are depicted as circular and rod shapes, metabolites are symbol-
ized by squares.

pass through the cell membrane, given they have specific characteristics [29]. Another mechanism
for metabolite leakage are transporters [30]. If they are not coupled to an energy consuming
mechanism, they are open in both directions.

A theoretical study has also predicted, that many organisms are able to produce and secrete
metabolites without a decrease in fitness [31]. This costless secretion could then mediate cross-
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feeding, which is beneficial if the interaction partner can in turn provide nutrients.
In cases of nutrient degradation involving multiple energy generating steps (like glucose to

ethanol), it has been shown that organisms can decide to focus on a specific part of the degradation
[25]. In cases of nutrient abundance, the specialization on degradation steps with high energy yield
leads to a fitness advantage. As a consequence, intermediary metabolites are released, which
can be taken up by other organisms to perform the remaining degradation. Such a pattern of
cross-feeding has been shown in an evolutionary experiment of E. coli [32, 33].

This specialization of E. coli can also be seen as division of labor. A similar case has been
observed in clonal yeast colonies, grown on agar plates with nutrients only available on specific
locations of the plate [34]. Upon sufficient colony growth, the cells specialize into two subgroups,
one with scouting behavior, advancing towards new nutrient pools over resource scarce spaces,
and another which supplies the scouting group with nutrients. This cooperative behavior benefits
the whole population, by allowing to access new resources.

Another origin of cross-feeding interactions is the black queen hypothesis [35]. It describes a
community growing on a common nutritional source, that requires a specific function to be made
available (e.g. polymer to monomer degradation), and the product of this function is available to
all members. In this scenario, organisms who lose this function can gain a fitness advantage, by
stealing the nutrients provided by others while not bearing the cost of their production (i.e. becoming
cheaters). Of course, one last organism, the black queen, has to retain this function, otherwise
the community would collapse. In fact, while the cheating organisms have higher fitness, there is
negative frequency-dependent selection. This results in the cheaters’ fitness being reduced, if the
black queen’s abundance decreases.

This hypothesis can also explain the establishment of mutual cross-feeding, if the black queen of
one function becomes a cheater on another. This then creates a system of co-dependent auxotrophs,
or a community with division of labor [25].

The full extent and prevalence of cross-feeding interactions is a matter of ongoing research.
Some theoretical studies have predicted, that mutualistic cross-feeding interactions are rare, and
the main mode of interaction is competition [31, 36]. However, the examples of the black queen
hypothesis and costless secretion also show that establishing cross-feeding interactions leads to a
fitness increase in recipient species. The outcome for the community can be difficult to define, but
the concept of cross-feeding as a form of division of labor proves that an increase in fitness for the
community is possible.

3.2.2. Importance for cultivation

Cross-feeding interactions shape the medium of microbial community members. This is important
for the cultivation efforts of yet unculturable species [37, 38]. It is well established that only a small
fraction of microbial diversity can be cultivated in laboratories (estimated ∼1% of bacterial and
archaeal species). This problem has been termed the great plate count anomaly. Unculturability
is not a trait, rather it is the circumstance that the right conditions were not yet found for a certain
species. These conditions include (1) physical parameters, such as pH and temperature, (2)
the removal of toxic waste products and (3) the requirement of specific substrates (or certain
concentrations of them) [37, 38].

The presence of cross-feeding interactions shows, that the space of available metabolites in a
community differs from the input medium. An example is the external degradation of polymers
such as chitin to accessible oligomers and monomers [23]. While, conceptually, all organisms in a
chitin degrading community have chitin as their main source of energy, many community members
cannot utilize it directly and require the presence of primary degraders. Further, studies by D’Souza
et al. [39, 40] predict, that auxotrophies are prevalent in microbial organisms, which are likely
complemented by cross-feeding interactions. Examples have also been found of co-dependent,
syntrophic organisms, that could be cultivated together, but not individually [37]. This implies, that
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knowledge of cross-feeding interactions can facilitate media design, by informing about the additives
required for the growth medium.

3.2.3. Investigation of cross-feeding interactions

Experimental investigation

The identification of Cross-feeding interactions is challenging, as this would require proof of the
production, the transmission and the consumption of the same metabolite in the two actors simul-
taneously. Stable isotope labelling methods allow to detect the presence of certain metabolites, but
tracing the transmission can be difficult [41–43]. Interestingly, cross-feeding has been a source of
noise for isotope labelling experiments in microbial communities, as these interactions obfuscate
primary degraders [44]. Apart from these obstacles, labelling experiments rely on prior knowledge
of candidate metabolites. Carrying out these experiments is also limited by the amount of sample
material and accessibility for labelling, making them especially difficult for uncultured communities.

Apart from direct measurement, numerous methods can provide evidence for the presence
of cross-feeding interactions, such as untargeted metabolomics, metatranscriptomics and meta-
proteomics [45–47]. The latter two allow inferring active metabolic pathways, which can then be
matched between the organisms. An overlap of pathways producing a metabolite in one organism
and another consuming the metabolite in a second organism provides evidence for cross-feeding.
However, the presence of transcripts and proteins does not prove that they are active, and the
transmission of the metabolite can not be shown by these methods. Further, these methods are
limited by correct functional prediction of genes, as well as the detection of transcripts and proteins
of community members with lower abundance.

Untargeted metabolomics allows to measure the present metabolites. A big limitation of this
method is the identification of measured metabolites, due to noisy data and ambiguous mapping of
isomers [48–50]. In addition, metabolomics cannot determine the location of the metabolites. Thus,
there is no distinction between metabolites being present in one organism or another. This problem
can be tackled by comparing the metabolome of community members in single culture, with those
in pair-wise co-cultures [23, 51]. The differences in presence and concentration of metabolites is
then used to infer the consumption and production of metabolites, and ultimately the presence of
cross-feeding interactions.

As an alternative to direct co-cultures, research is also being done on cultivation of supernatant
co-cultures [51]. Here, one organism is grown in the base medium, changing it by consuming and
producing metabolites. The cell-free supernatant is then harvested and used as growth medium
for the second organism. The metabolomes of the base medium, the supernatant after growth of
the first organism, and the final medium after growth of the second organism are measured and
compared. This data can then be used to infer consumed and produced metabolites, as well as the
presence of cross-feeding interactions.

While these co-culture experiments do not directly prove cross-feeding interactions, they provide
strong evidence for them. However, they are also resource intensive and limited by the detection
abilities of metabolomics methods. Unfortunately, these experiments can only be used on cultivable
organisms and are hard to realize in vivo.

Prediction of cross-feeding interactions

Experimental methods for the investigation of cross-feeding interactions are resource intensive, and
largely restricted to in vitro settings and cultured organisms. An alternative route is provided by
bioinformatics methods. These allow to make predictions of likely cross-feeding interactions and
can guide later experimental efforts validating such candidates.

Statistical methods are used to identify correlation between the presence and absence of organ-
isms [52]. Paired with functional predictions (either genome based or aided by metatranscriptome
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and metaproteome data) these correlations can be used to predict cross-feeding interactions [53,
54].

Machine learning methods have also been applied to a variety of topics related to the prediction
of cross-feeding interactions, such as metabolite-organism interactions or metabolite profiles of
communities [55, 56]. However, there are two factors limiting the success and applicability of
machine learning on the prediction of cross-feeding. First of all, training machine learning models
requires a large datasets, increasing with the complexity of the model. Due to the difficulty of proving
or providing evidence for cross-feeding interactions, far too little experimental data are available.
The second limitation is generalizability, or the applicability to new data. Even if enough data were
available to train a cross-feeding prediction model on e.g. the human gut microbiome, it is highly
unlikely that the model could provide any insights in other communities.

Lastly, metabolic modelling is a technique, based on the metabolic network of one or multiple
organisms. As such, it can directly model cross-feeding interactions. This technique will be described
in detail in the following section.

3.3. Metabolic modelling

Metabolic modelling is a bioinformatics method that investigates flux configurations in metabolic
networks. It follows a systems biology approach, integrating information from genes to enzymes.

The aim of metabolic modelling is to provide mechanistic insights into the metabolic networks.
Changes in the genotype or external conditions can be modeled and used to predict the phenotype
under varying conditions.

While the beginnings of metabolic modelling are hard to define, the reconstruction of the first
genome-scale metabolic model was achieved in 1995 by Fleischmann et al., of Haemophilus

influenzae Rd. [57]. Since then, it has been applied to many different model and non-model
organisms [58, 59]. Metabolic modelling has been a great success in designing microbial strains for
metabolite production [60], but also found applications in many other areas, such as human health
[61–63] and research on microbial communities [64, 65].

3.3.1. Content of metabolic models

A metabolic model, or also called metabolic network reconstruction, is a collection of chemical
reactions and model parameters. The chemical reactions can be represented as a directed graph
of reactions and metabolites, here called the metabolic network (see fig. 3.2). The metabolites in
a metabolic network can be further organized in compartments, which represent physical spaces
such as the medium, the inside of a cell, or organelles.

When used for mathematical modelling, the chemical reactions are typically represented by a
stoichiometric matrix S. This matrix contains m rows of metabolites and r rows of reactions, resulting
in a form of S ∈ R

m∗r. The matrix S contains the stoichiometric coefficients of each metabolite i in
reaction j at position Si,j . A positive coefficient denotes the metabolite is a product, a negative value
denotes a substrate, and 0 corresponds to the concentration of a metabolite not being changed by
the respective reaction.

The activity of reactions is given by a flux vector v ∈ R
r. A reaction flux corresponds to the

turnover rate of the reaction, or simply put its activity. The unit of a flux is mmol ∗ h−1 ∗ gDW−1

and as such, metabolic models are normalized to one gram of their dry mass. Multiplication of the
stoichiometric matrix with the flux vector calculates the change in concentration of each metabolite
in time t, resulting in a vector c(t) ∈ R

m:

S ∗ v = c(t) (3.1a)

16



3. Introduction

Figure 3.2.: A toy example of a metabolic network. Reactions are depicted as arrows and named
R1-9. Metabolites are shown as circles and named A-F. The dotted line encasing the
metabolites represents the boundary of the model. Reactions R5-9, which pass this
boundary, are exchange reactions, allowing interaction with a hypothetical medium.

To allow influx and efflux of mass to and from the model, a special set of reactions exists, called
boundary reactions. These reactions are not mass balanced and as such also no real chemical
reactions. They typically take the form of a reaction producing a single metabolite from nothing, or
consuming one without a product (see fig. 3.2 reactions R5-9).

Another special type of reaction is the biomass reaction (see fig. 3.2 reaction R4). It is an abstract
reaction, symbolizing the growth of the modelled organism. A biomass reaction has the building
blocks of a cell as substrate, such as nucleotides, amino acids, fatty acids and vitamins. The
stoichiometric coefficients of these substrates are proportional to their abundance in the cell. By
convention, the mass of substrates sums up to 1g (equal 1gDW ). This allows direct translation of
the biomass flux to growth rate per hour.

Metabolic modelling can analyze the different metabolic states of the underlying network. These
states are the combination of reaction activities, given by the flux vector v. However, the rate of
chemical reactions is limited by a variety of factors, including physical conditions, thermodynamics
or the availability of enzymes. Constraint-based modelling [66] includes such restrictions in the
model, by providing a lower (lb) and upper bound (ub) for flux values of reactions:

lbj ≤ rj ≤ ubj (3.2a)

3.3.2. Reconstruction of metabolic models

Metabolic models can represent anything from specific metabolic aspects of single organisms [67],
to complex communities [64], with different levels of detail and abstraction. In the past, metabolic
models have often been built of select metabolic subnetworks, as the labor for manually constructing
such models was immense. Developments in databases and automated reconstruction methods
have shifted the field to use genome-scale metabolic models (sometimes called GEMs, or GSMMs),
which aim to include the entire metabolic capability encoded in an organisms genome [68].
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Thiele and Palsson have published a widely referenced protocol for the reconstruction of metabolic
models [69]. They describe the reconstruction of a metabolic model as an iterative process,
comprised of draft model reconstruction, refinement, simulation and evaluation.

The basis for the reconstruction of a metabolic model is the genome of the target organism.
The next step is the annotation of the genome and functional prediction of the genes. The gene
functions are then translated into metabolic capabilities, such as catalyzing chemical reactions, or
the transport of metabolites. This is done with the help of one or several databases, such as KEGG,
modelSEED, or the Pathway databases [70–72]. Based on this collection of proposed chemical
reactions, a metabolic network is built.

This draft model is likely to contain gaps, e.g. due to missing functional predictions. As metabolic
models require pathways to be connected in order for them to carry flux, these gaps need to be
closed. This is done by the process of gap-filling [73], where candidate reactions are added to
the draft model, until the gaps are closed. The selection of reactions can be guided by sequence
similarity of enzymes to the target’s genes, minimizing the number of added candidates, or phylogeny
[73–75]. The identification of which gaps need to be filled is done by setting a medium, in which
growth of the organism is expected, and then fixing gaps until flux through the biomass function is
possible.

While the 96 steps of this protocol can still be followed manually, there has been effort to automate
much of this process [68, 74]. There have also been some methods deviating from this single
organism bottom-up approach. CARVEme constructs a single metabolic model, containing all
possible chemical reactions and refining this complete model [76]. Then, organism specific metabolic
models are created by carving away reactions without genomic evidence, while still ensuring that
the biomass function can carry flux. The AGORA models are created by a reconstruction pipeline
where manual curation in one organism is propagated to all other organisms with similar problems
[77].

This iterative curation is a central principle for the development of genome-scale metabolic models,
as can be seen by the long standing community efforts to reconstruct and improve metabolic models
of model organisms such as E. coli, S. cerevisiae or Homo sapiens [63, 78, 79].

Metabolic models can be stored and transferred in a variety of file types. However, there is a
community effort to create a standard, making tools and models compatible. This standard is called
SBML (systems biology markup language) [80]. It is a text based file format, using xml structure to
define the different model components and their attributes.

3.3.3. Modelling techniques

Metabolic models contain information on a set of chemical reactions. This set of reactions can
be analyzed with a variety of methods, depending on the research question, available data and
resources. Toolboxes for metabolic modelling have been implemented in Matlab, R and Python
[81–83]. They provide many functionalities including import and export of metabolic models, their
analysis and refinement. Importantly, they also provide an interface to linear programming solvers,
which allow efficient calculations. In the following sections, an overview of common metabolic
modelling techniques will be given.

Steady-state

As metabolic models can be very large and complex, efficient ways to calculate fluxes have been
developed. One such way is to analyze the metabolism of an organism in steady-state. The term
defines that the sum of mass and charge going into a system is equal to the amount of mass and
charge leaving the system. Additionally, it is defined as a state, where the rates of production and
consumption of each internal metabolite are equal. This results in a system, where the concentration
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of its metabolites does not change, which is represented by the following equations.

c(t) =
dc

dt
= 0, (3.3a)

S ∗ v = 0 (3.3b)

The steady-state assumption turns the system of equations from a set of differential equations into
a set of linear equations, a much simpler problem to solve.

A cell can be assumed to be in steady-state when growing in a well mixed, continuous culture.
Apart from this, quasi-steady-states can be assumed if organisms operate at temporary steady-
states and the switch between such states is considered almost instantaneous [84]. A different
justification for the applicability of steady-state is in oscillating cultures or communities, where a
steady-state would describe the long-term average metabolic state [85].

FBA

A commonly used analysis technique of steady-state metabolic models is flux balance analysis
(FBA). Here, a linear programming algorithm is used to find a flux vector which optimizes an objective
function [86]. Such an objective function can be as simple as the flux through the biomass reaction
(i.e. maximizing growth rate), but also more complicated with multiple objectives [87, 88]. FBA is a
computationally efficient approach and thus frequently used. However, the applicability of optimality
in natural systems has been a matter of debate [89]. A similar approach, called parsimonious flux
balance analysis (pFBA), tries to deal with this optimality, by applying an additional objective of
minimizing the sum of fluxes [87]. This represents the goal of organisms not to waste resources
and has been shown to yield more accurate metabolic states in some models.

In both FBA and pFBA, only a single optimum is found. This makes these approaches computa-
tionally efficient, but often multiple metabolic states can reach the same optimum in the objective
function. Flux variability analysis (FVA) is a technique used to calculate feasible flux ranges for all
reactions within the constraints of a model [90].

Similar to the question of applicability of optimality in natural systems, the choice of objective
functions is also a matter of debate [89]. While the goal of maximizing the growth rate is an obvious
and suitable choice for microorganisms in logarithmic growth phase, it is unclear what metabolic
goal, if any, can be phrased for dormant microorganisms or cells of multicellular organisms.

flux sampling

One approach to investigate the metabolic states without imposing an objective function is flux
sampling [91, 92]. This technique uniformly samples feasible flux configurations from the solution
space. Based on the gathered metabolic states, the range and probability distribution of all reactions’
flux values can be calculated. The method’s independence from cellular objectives has made it
especially useful in metabolic models of multicellular organisms. For example, flux sampling has
been applied to elucidate metabolic adaptations of Arabidopsis thaliana to colder environments [93].

Dynamic modelling

Some behaviors can only be described by including changes over time, such as adaptations to
fluctuating environments or the growth of multicellular organisms. Simulations including these
temporary aspects can be performed with dynamic metabolic modelling. One such method is
kinetic modelling, which describes all chemical reactions in the model in a set of ordinary differential
equations [94, 95]. As such, a big challenge in kinetic modelling is the increased computational
complexity, compared to steady-state modelling. Further, this approach requires additional paramet-
ers for each reaction, such as Michaelis constants or enzyme concentrations. Such parameters are
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only available for a small fraction of enzymes, presenting a limitation for the use of kinetic models
[96]. Still, kinetic models have been applied for strain design in biotechnology or the prediction of
adversary drug effects [61, 97].

There also exists a hybrid approach between steady-state and kinetic modelling, called dynamic
flux balance analysis (dFBA) [98]. This method solves a steady-state problem at each time point and
changes the concentrations of only the metabolites outside the model (i.e. the medium). The use of
steady-state modelling is justified by the postulated presence of quasi-steady-states in dynamic
systems [84, 85]. While more computational power is required, compared to standard steady-state
methods, it is still vastly more efficient than kinetic modelling, which means it is also suited for larger,
genome-scale metabolic models. DFBA has been applied to a multi-tissue metabolic model of
Arabidopsis thaliana and elucidated the reprogramming of metabolism during growth [99]. Some
methods have even extended the dFBA approach to also include spatial information, making it
possible to predict the morphology of prokaryotic colonies [100, 101].

Knowledge-base aspect

Lastly, metabolic models can facilitate the analysis of an organism by serving as a knowledge-base
[102]. The construction of a metabolic model consists of gathering information on the genes, gene
functions, growth media and several other aspects [78, 103]. All these data types are connected via
the metabolic network, providing additional benefit, such as linking genes to pathways. This also
allows the investigation of metabolic network on a systems level, using network analysis approaches
[104, 105].

3.3.4. Modelling microbial communities

Metabolic models can be built not only for individual organisms, but also for communities. While
metabolic models of communities have been created since the early 2000s [106], the recent
advances in automated model reconstruction and the increase in available computational power
have let the field grow [107]. Metabolic models are well suited for the analysis of communities, as
they can explicitly model the metabolic interplay between community members through resource
competition and cross-feeding [20, 22, 107].

Compared to single organisms, the metabolic capabilities of communities quickly increase with
the number of members. Thus, computational power can be a limiting factor for their analysis. To
this end, metabolic models of communities have been constructed with different levels of detail [20].

The greatest level of abstraction is found in lumped models, which view communities as a "bag
of genes" [22]. Such models do not consider cellular boundaries and instead build a metabolic
network of the entirety of the communities’ gene functions.

A different approach can be taken by modelling communities as a set of individual metabolic
models. Here, each member’s metabolic model is analyzed individually, and interaction takes place
through the medium. The medium is iteratively updated by considering the analysis results of each
of the member models, as done by Diener et al. [65].

A more fine-grained approach can be found in metabolic models of guilds [20, 108]. Here, a
representative organism is chosen which carries out the function of its respective guild. Such
a representative can be an actual organism, or an abstract combination of functions attributed
to a guild. Each guild representative is, however, modelled as an individual organism, including
cellular boundaries. Thus, there is a distinction between intracellular, private and extracellular, public
metabolites and the exchange of metabolites requires transporters. This separation into different
guild compartments allows explicit modelling of interactions and the identification of the facilitators
of specific metabolic functions. On the other hand, many chemical reactions, such as the ones
involved in the central carbon metabolism, will be present multiple times in the model, as each guild
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needs to have their own copy. This increases the size of the metabolic network and thus requires
more computational power [64].

Lastly, the highest level of detail is achieved in compartmentalized community metabolic models
[20, 64, 109]. These are similar to models of the guild approach, but each community member is
explicitly represented. Depending on the community, such a model would need to include hundreds
of members, as in the case of the human gut microbiome.

For all the different types of community representations, the resulting metabolic models can be
analyzed using the same techniques as for the single organisms described in section 3.3.3.

The construction of community metabolic models, however, requires some additional work [64].
The biomass reaction of community metabolic models needs to be constructed from the biomass
reactions of all community members. Secondly, flux values now need to be normalized by the dry
weight of the entire community, rather than individual organisms. Thus, the abundance (or mass
fraction f of each community member needs to be taken into account when applying flux bounds
to reactions. For steady-state conditions to apply, communities must also be in balanced growth.
All community members need to exhibit equal growth rates, otherwise their relative abundance
changes and the steady-state condition is violated. Thus, for a community with n members, the
following equations need to be fulfilled:

µc = µ1 = ... = µn (3.4a)
n∑

i=1

fi = 1 (3.4b)

µi = rbio,i/fi (3.4c)

lbi ∗ fi ≤ ri ≤ ubi ∗ fi (3.4d)

This results in a bilinear problem, which is computationally far more demanding to solve. The
problem can be linearized by setting the growth rate or the community members’ mass fractions to
fixed values.

3.3.5. Known challenges and pitfalls

Metabolic models have been successfully applied to a variety of biological research questions.
However, there are many known challenges and pitfalls at every step, from the experimental setup,
the construction of metabolic models, to the final analysis. In this section, a few of the most relevant
issues in regard to the prediction of cross-feeding interactions will be presented.

Starting with the reconstruction of metabolic networks, it is clear, that this step is limited by the
capabilities of functional prediction [89, 110]. Many gene annotation and functional prediction
methods rely on a few experimentally studied genes and enzymes, which mostly originate from
model organisms. Thus, functional prediction is more incomplete and unreliable for organisms
coming from less studied taxa.

There are, however, also restrictions coming from the translation of predicted functions to chemical
reactions. The reactions of metabolic networks are precise, as they operate on specific metabolites
and are required to maintain a mass and charge balance. Many functional predictions can only
provide information on an abstract class of enzyme function or the involved metabolites [111, 112].
Most of these translations thus rely on biochemical databases [68, 69]. Each database has a
different scope and coverage of chemical reactions. Combining information from multiple databases
is hindered by the fact, that metabolites of the same name can have different mass, charge or level of
detail [113, 114]. In an effort to create a mapping scheme of the metabolite namespaces, MetaNetX
was created [115]. While it provides a valuable resource, the translation into a consistent metabolic
network is still an open issue, which results in researchers choosing only a single database, or
putting in extensive manual curation [74, 77].
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A related problem is faced in the formulation of the biomass reaction [89]. The types and amount
of metabolites present in an organism is often unknown. Therefore, biomass reactions are often
estimated based on the genome (for nucleotide and amino acid utilization) and the taxonomy.
However, the formulation of a biomass reaction can have a huge impact on the metabolic model
[116]. Similarly, metabolic models can include a reaction representing energy spent for keeping up
cellular functions. The formulation is usually the conversion of ATP to ADP at a fixed rate. Estimating
the required energy is difficult, but can have a big impact on the analysis of the model [117].

Constraint based modelling aims to find realistic metabolic states by setting bounds of reactions
to ranges feasible in the tested conditions. However, such flux ranges are difficult to measure and
thus not much data are available [69]. Approximation via enzyme kinetics is possible, but also
limited by available data. As such, setting reaction bounds for metabolic models of non-model
organisms is unreliable.

Apart from the metabolic network of the target organisms, defining the growth medium can prove
to be an obstacle as well. In vitro experiments can be done in well defined growth media, where the
contained metabolites and their concentrations are known. However, many common growth media
contain complex ingredients, such as peptone and yeast extract [118]. Such ingredients contain a
variety of different and often unknown metabolites, and due to the process of their production, their
content can change between suppliers and even batches of products. This problem is even more
pronounced when modelling natural media, such as in the human gut or soil, where the contents
are highly variable. These media need to be approximated with a selection of expected metabolites,
based on literature or available experimental data [69].

The analysis of metabolic models faces limitations as well. One aspect is the required compu-
tational power. It increases non-linearly with the size of the metabolic network in most analysis
methods [64, 119, 120]. This means, that the analysis toolbox is restricted by the size and complexity
of the model.

Another aspect is the many choices in the analysis strategy. While the metabolic modelling
techniques explained in 3.3.3 are only an overview, it already shows many assumptions and
restrictions inherent to the different strategies: Whether to look into a single metabolic state, multiple
states, or flux ranges, including the dynamics of a system or analyzing the steady-state, the choice
of the objective function, or to simulate without an optimization principle [89].

These choices are also tied to a different issue, the differentiation between the potential and the
realized metabolic state of an organism. Ideally, a genome-scale metabolic model will include the
entirety of metabolic capabilities. However, it is expected that only a subset of the metabolic network
is active at any given time. The goal of finding the realized metabolic state can be challenging, even
with additional data such as transcriptomics provided [121].

Ensemble techniques have been proposed to acknowledge the uncertainty, but they also increase
the solution space and are computationally more demanding [89]. Ultimately, iterative curation is
the best way to deal with errors in metabolic models. Continuous refinement and evaluation on new
data leads to models that can achieve more accurate predictions, as is the case for the several
ongoing projects for model organisms. In addition to continuous efforts, validation of predictions and
results of metabolic models would be very beneficial. However, data for such validation is scarce
and follow up experiments are rarely done. This not only limits the usefulness of predictions done
by metabolic models, but also hinders the evaluation of metabolic modelling methods.

3.4. Outline

The central aim of this work is to advance the field of metabolic modelling for the prediction of
cross-feeding interactions in microbial communities. The ulterior goal is to utilize such predictions
as candidates for experimental validation, for genome-guided cultivation, as well as design and
optimization of microbial communities for metabolite production, waste degradation and human
health.
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The following chapters 4-7 present the scientific work, with the full publications and manuscripts
being included in the appendix. The first work package explores the use of the knowledge-base
aspect of metabolic models for the interpretation of transcriptome data in Streptomyces venezuelae

(chapter 4). It is followed by two software packages for community metabolic modelling: PyCoMo,
a Python package for generating and analyzing compartmentalized community metabolic models
(chapter 5), and ScyNet, a network reduction and visualization algorithm for informative repres-
entation of interactions in community metabolic models (chapter 6). Finally, community metabolic
modelling is applied to investigate potential cross-feeding interactions in pair-wise co-cultures
of archaea and bacteria for the enrichment of Methanobrevibacter from human fecal samples.
Chapter 8 discusses the impact of the presented work and examines further research questions
and opportunities.
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4. Effects of ethanol shock on Streptomyces

venezuelae secondary metabolism

4.1. Context

As a first step towards using metabolic modelling in microbial communities and the prediction of
cross-feeding interactions, we started with the analysis of a single organism. While metabolic
modelling is an established technique, here it is applied on Streptomyces venezuelae, a non-model
organism, at least relative to the field of metabolic modelling. Related to this circumstance, we
wanted to test the quality of automated metabolic reconstructions, as manual curation is out of scope
for the application in community metabolic modelling. Further, we aimed to test if the knowledge-base
aspect of the reconstruction can be harnessed for the analysis of gene expression data.

This work package investigates the change in secondary metabolism of Streptomyces venezuelae

in response to ethanol shock. Members of the Streptomyces genus are known for their rich repertoire
of secondary metabolites, many of which are commercially or pharmaceutically relevant, such as
the antibiotic chloramphenicol. As a result, they have also gained interest as production organisms
in bioengineering. While it is known, that some of these secondary metabolites are produced in
response to stressors, the regulatory mechanism and the extent of the capabilities of their secondary
metabolism are not well understood.

To this end, the effects of ethanol shock on the transcriptome and secondary metabolome of
Streptomyces venezuelae were investigated. For the analysis of the transcriptome, differential gene
expression analysis was performed. To investigate the data also in the context of the metabolism, a
metabolic network was reconstructed, which included a mapping of genes to enzymes to metabolic
pathways. In combination with the differentially expressed genes, it enabled us to perform pathway
enrichment analysis.

The combination of metabolome and transcriptome analysis, paired with the context of the meta-
bolic reconstruction, showed a shift in secondary metabolism and parts of the primary metabolism
of Streptomyces venezuelae upon ethanol shock. It also uncovered putative regulatory genes
responsible for this shift, which are promising candidates for future research.

The analysis also revealed gaps in the reconstructed metabolic network, especially in the second-
ary metabolism of S. venezuelae. The presence of gaps was expected, both due to the nature of
automated reconstructions, but also due to the known limited coverage of secondary metabolism in
biochemical reaction databases [113]. Nevertheless, metabolic pathways of 9 secondary metabolite
biosynthesis gene clusters were included in the reconstruction. Thus, despite being incomplete, the
knowledge-base aspect of the metabolic reconstruction could be harnessed and proved useful for
the analysis.

4.2. Publication status

Published work: Sekurova, O. N., Zehl, M., Predl, M., Hunyadi, P., Rattei, T., Zotchev, S. B.
Targeted Metabolomics and High-Throughput RNA Sequencing-Based Transcriptomics Reveal

Massive Changes in the Streptomyces venezuelae NRRL B-65442 Metabolism Caused by Ethanol

Shock. Microbiol Spectr 10:e03672-22. DOI: https://doi.org/10.1128/spectrum.03672-22

This publication is included in the appendix, section A.1.
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4.3. Author contributions

The author of this dissertation planned carried out the sequencing data analysis. He further planned
and performed the construction of the metabolic network, as well as its integration and analysis
with gene expression data. The author also produced figures and wrote parts of the manuscript.

4.4. Other manuscripts

4.4.1. Three conserved extracytoplasmic function sigma factors in Streptomyces
have a major impact on secondary metabolism

Context

A follow up study of the effects of ethanol shock on the secondary metabolism of Streptomyces

venezuelae was conducted. Here, the role of three regulatory genes was investigated, by analyzing
their deletion mutants. The experimental setup largely resembles the first study, with the wildtype
and mutant strains being subjected to ethanol shock or a mock treatment, then having transcriptome
and secondary metabolome measured and analyzed. The transcriptome data is analyzed with
differential gene expression analysis and pathway enrichment analysis, aided by the knowledge-base
aspect of the metabolic reconstruction.

We found that the deletion of each of the three regulatory genes caused massive changes in
gene expression. The mutants also had altered secondary metabolite profiles, with some of the
compounds over expressed, compared to wildtype. These results are promising for the industrial
production of secondary metabolites in Streptomyces venezuelae. As the three regulatory genes
are conserved, similar results are expected in other members of the Streptomyces genus, as shown
in the example of a marine sponge-derived Streptomyces species.

Publication status

Submitted for publication, under revision: Sekurova, O. N., Zehl, M., Predl, M., Hunyadi, P.,
Rattei, T., Zotchev, S. B., Three conserved extracytoplasmic function sigma factors in Streptomyces

have a major impact on secondary metabolism. Submitted for publication in Microbial Cell Factories,
confirmation of receipt: 30.03.2024

This publication is included in the appendix, section A.2.

Author contributions

The author of this dissertation planned carried out the sequencing data analysis. He further planned
and performed the integration of the metabolic network with the gene expression data, as well as
its analysis. The author also produced figures and wrote parts of the manuscript.

26



5. PyCoMo - generating and analyzing community metabolic models

5. PyCoMo - generating and analyzing

community metabolic models

5.1. Context

After the successful application of automatically generated metabolic networks, the next step was
to model communities, instead of single organisms. As the focus of this work is the analysis of
cross-feeding interactions, the compartmentalized community metabolic model structure is the
best fit, since it explicitly includes these interactions. However, existing methods for generating
such compartmentalized community metabolic models [7, 109] each face some of the following
problems: (i) incomplete adherence to SBML standards [80], (ii) restrictions of metabolite and
reaction namespaces in input models, (iii) availability of software (e.g. requirement of the proprietary
software Matlab), or (iv) hard-coded implementation of linearization techniques. These issues
restrict the construction and reuse of community metabolic models, and ultimately prohibit iterative
curation.

To this end, we have developed PyCoMo, a Python package for generating compartmentalized
community metabolic models, solving the mentioned limitations. (i) The generated models fully
comply with the SBML standard. (ii) The input of single organism models is supported for a variety
of file formats and tested for models of all major model generation pipelines and biochemical
database namespaces. (iii) PyCoMo is freely available under an MIT license, does not require
proprietary software, and is readily available on github, PyPI and bioconda [122]. (iv) PyCoMo uses
a bound-free model structure to allow correct normalization of its members’ reaction bounds. This
allows for switching between linearization by fixed growth-rate, or fixed abundances.

PyCoMo also allows for efficient prediction of cross-feeding interactions. This task is usually
accomplished by calculating feasible flux values (e.g. by FBA or FVA) and then extracting cross-fed
metabolites. Since the linearization of the community metabolic model restricts this analysis to
a specific growth-rate or abundance profile, the calculation needs to be repeated to search the
entire parameter space. However, the bound-free model structure of PyCoMo allows to calculate all
possible cross-feeding interactions in a single run of FVA. This is achieved by relaxing the constraint
of balanced growth, which allows to search the entire solution space of the members’ growth-rates
and community compositions, but still correctly normalizes flux ranges to the community mass.
Thus, an exhaustive search of cross-feeding potential is made readily available for community
metabolic models.

Taken together, PyCoMo advances the methods toolbox for community metabolic modelling. The
option to switch between linearization strategies, made possible by the bound-free model structure,
allows for persistent community metabolic models, and thus enables an iterative curation process.
PyCoMo also facilitates the exploration of interaction potential by efficient calculation of feasible
cross-feeding interactions.

5.2. Publication status

Published work: Predl, M., Mießkes, M., Rattei, T., Zanghellini, J., PyCoMo: a python package for

community metabolic model creation and analysis. Bioinformatics, Volume 40, Issue 4, April 2024,
btae153, DOI: https://doi.org/10.1093/bioinformatics/btae153
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This publication is included in the appendix, section A.3.

5.3. Author contributions

The author of this dissertation conceived of the study and software design, implemented the software,
gathered and analyzed the test data, designed the figure and wrote the manuscript.

5.4. Further experiments

5.4.1. Introduction

PyCoMo is being actively maintained and new features have been included since its publication. A
major problem in metabolic modelling is the presence of futile cycles [69, 123, 124]. These cycles
are subnetworks that can carry flux without any input or output. While this flux does not influence
the remaining network, it leads to inflated flux values in flux sampling and FVA. Typically, these
cycles are deemed thermodynamically infeasible and can be broken up by corresponding methods.

In community metabolic models, there is, however, another reason for the presence of futile
cycles. The conversion of two metabolites B and C can be reversible under natural conditions, and
both B and C can be transported into and out of the cell. If two organisms in a community are able

Figure 5.1.: A toy community metabolic modelling with a futile cycle. The model consists of two
identical members. Each member requires metabolites C and D for biomass production.
Metabolite C can be generated via B and A. Metabolites B and C can be taken up and
secreted. Thus, the reversible conversion of B and C and their bidirectional transport
forms a futile cycle (reactions shown in orange).
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to transport and convert B and C, then a futile cycle is formed (see figure 5.1). While this circular
metabolism is unlikely to be realized or biologically relevant, each of the reactions is part of valid
metabolic capabilities. Thus, thermodynamic constraints cannot be used to deal with such futile
cycles.

A different strategy, called the CycleFreeFlux algorithm, has been developed by Desouki et
al. [124]. This method takes an existing flux solution (such as from FBA, or a step in FVA) and
minimizes the flux through futile cycles in a second optimization step. To keep the relevant fluxes
intact, the flux of all exchange reactions, the direction of the remaining reactions and the objective
value are fixed. Then, the sum of reaction fluxes is used as the objective function and minimized
with FBA. Due to the fixed metabolite exchange fluxes and reaction directions, the metabolic model
can only reduce fluxes that are not relevant for these characteristics. The result is the removal of
inflated flux values from futile cycles.

5.4.2. Methods and Results

A version of the CycleFreeFlux approach has been implemented in COBRApy, however, it is not
compatible with the bound-free structure of models built by PyCoMo. Therefore, the algorithm was
implemented directly in PyCoMo, with the following adaptations: First, the sink reactions of the
lower and upper bound metabolites are not restricted, to keep the correct bound-free structure intact.
Secondly, the original objective value is not fixed. This allows removing flux through futile cycles
also in cases where reactions of such cycles are included in the objective function.

The size of community metabolic models results in many reactions to be analyzed with FVA. Ap-

Figure 5.2.: Comparison of FVA runtimes. Abbreviations: FVA time - runtime of FVA without
correction for futile cycles; FVA(LL) time - runtime of loopless FVA, correcting for futile
cycles; FVA(LL+PC) time - runtime of loopless FVA, with precomputation of futile cycles,
correcting for futile cycles only in reactions that are part of one. Communities of size
two to nine members were generated by randomly selecting the respective number of
models from the nine metabolic models of a biogas producing community [64] (with
three replicates). The models are not genome-scale and as such only represent the
trend in runtime, relative to the number of community members.
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plying the CycleFreeFlux algorithm for each reaction leads to a large increase in runtime, compared
to regular FVA. The PyCoMo implementation reduces this complexity by searching for cycle free
solutions only in the reactions that are part of futile cycles. These reactions are identified in the
solution of FVA without metabolite import, as reactions of futile cycles still carry flux. Despite the
computational cost of the initial search step, this approach leads to drastic improvements in runtime,
as can be seen in figure 5.2.

5.4.3. Discussion

Futile cycles are a major obstacle in the correct prediction of flux values and are likely to emerge
in community metabolic models. The implementation of the CycleFreeFlux algorithm in PyCoMo
solves this issue and implements a strategy to speed up the computation by precomputing reactions
present in futile cycles. Ultimately, this achieves correct prediction of feasible and biologically
relevant cross-feeding interactions.
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6. ScyNet - visualizing interactions within

community metabolic models

6.1. Context

The visualization of interactions of community members is another gap that was identified in currently
available methods. Community metabolic models are highly complex and large, with thousands of
reactions and metabolites. Nevertheless, the main mode of interacting with these models is via text,
tables and programming interfaces. Of course, the network nature of the model is not captured by
these representations. Visualizing the metabolic network would be favorable, and solutions have
been developed for single organism metabolic models [125, 126].

In the case of smaller models it is possible to visualize the majority of the network in a manner
that allows to gain understanding, as can be seen in the example of the E. coli core metabolism
[125]. However, this is no longer possible for larger networks such as genome-scale metabolic
models, where the visualized information needs to be filtered and reduced to be comprehensible.
Common approaches are to select subnetworks by neighborhood [127] or pathways [128].

Community metabolic models face this problem on an increased level, as they are much larger
and more complex than models of single organisms. While the existing reduction and abstraction
approaches can be applied to them, none recover the community aspect, the interactions between
the different community members. We hypothesized that a reduction of the community metabolic
network to community members and exchanged metabolites would allow for exactly that.

This approach was implemented in ScyNet, an app for Cytoscape, a widely used network analysis
framework [129]. After the import of community metabolic modes with Cy3sbml [130], ScyNet
reduces the metabolic network to community members and external metabolites. Flux data can be
used to contextualize the reduced network, showing the reaction directionality by arrow heads and
color. ScyNet further includes a custom layout algorithm and allows for additional network reduction,
showing only cross-feeding interactions.

The design of ScyNet visualizations was chosen under consideration of color-blindness. The
color palette allows distinction of all colors in all three types of dichromacy (figure 6.1), and in the
absence of coloring all elements can be clearly distinguished by shape.

ScyNet has been applied to several example communities of up to 17 members (results not
shown). These examples revealed that with an increase in community size, even the extensive
network reduction provided by ScyNet will result in visualizations, which are hard to interpret at a
glance. For such communities, further reduction and abstraction will be needed. This could be
achieved by clustering or abstraction of metabolites and organisms.

This work provides an important advancement for the visualization of cross-feeding interactions
in community metabolic models.

6.2. Publication status

Submitted for publication: Predl, M., Gandolf, K., Hofer, M., Rattei, T., ScyNet: Visualising

interactions in community metabolic models. Submitted for publication in Bioinformatics Advances,
confirmation of receipt: 29.04.2024

This publication is included in the appendix, section A.4.
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A B

C D

Figure 6.1.: Color-blind conscious design of ScyNet visualizations. The example shown is a three
species biogas community, based on models of Koch et al. [64]. The community
metabolic model was generated with PyCoMo. Flux ranges of an FVA result at optimal
growth rate are visualized. (A) The figure as generated by ScyNet. The arrow direction
and color indicates metabolite production (orange), consumption (green) or both (violet)
by the community members. (B-D) Simulations of color-blindness using the Coblis
webservice [131]. Three types of dichromacy are shown: Protanopia (B), Deuteranopia
(C) and Tritanopia (D).

6.3. Author contributions

The author of this dissertation conceived of the study and software design, finished the implement-
ation of the software based on a proof of concept version, gathered and analyzed the test data,
designed the figure and wrote the manuscript.
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7. Interactions in Archaea - Bacteria co-cultures

7.1. Context

With the methods for the generation of community metabolic models and the prediction of cross-
feeding interactions in place, the next step was to apply them in biological research: Cultivation of
archaea found in the human gastrointestinal tract (GIT).

The human GIT is colonized by diverse bacteria, archaea, viruses and fungi [132]. However,
compared to bacteria, the archaea of the human gut microbiome are poorly studied, as most
experimental procedures are designed for bacteria [133]. Consequentially, very few archaeal strains
associated with human hosts are available as cultures, which in turn severely limits experimental
research to understand these microbes. This project presents a cultivation strategy, which includes
bacterial partners for the enrichment of archaea from human fecal samples.

Several examples have been found, where unculturable organisms could be cultured together
with syntrophic partners [37]. In the case of Methanobrevibacter, a prominent archaeal genus
in the human GIT, co-occurence with specific bacteria, and increased (in vitro) growth rate with
Christensenella minuta and Bacteroides thetaiotamicron could be shown [134–136]. These two
bacterial species could be suitable syntrophic partners for the enrichment and culture of so far
unculturable archaea.

To investigate potential cross-feeding interactions that could mediate the cultivation of Methanobrevi-

bacter, community metabolic modelling was performed. The analysis started with the generation of
metabolic models from the genomes of Methanobrevibacter smithii, C. minuta and B. thetaiotamicron

using Gapseq [74]. Then, constituents of the complex growth media were estimated based on the
protocol of Marinos et al. [118], and translated into a namespace matching the metabolic models.
Gap-filling was used to allow growth of the models on the growth media. Finally, PyCoMo was
used to generate pair-wise community metabolic models of M. smithii and a bacterial partner, and
calculate potential cross-feeding interactions.

Analysis of the community metabolic models shows an increase in the predicted growth rate
of M. smithii by up to 10-fold in co-culture, compared to single culture. These predictions are
similar for both bacterial partners, who themselves are predicted to have no, or only a marginal
increase in growth-rate. Further, several metabolites are predicted to be mediating cross-feeding
interactions. Some of these interactions are known from literature, such as the supply of hydrogen
and fermentation products like formate and acetate from B. thetaiotamicron to M. smithii [134, 136].
Other predicted cross-fed metabolites provided to M. smithii are sugars, amino acids and vitamin
K2, for which some weaker evidence is present as well [136]. However, other proposed cross-fed
metabolites are likely false positives, such as Coenzyme A and NAD being supplied by the bacteria,
or hydrogen sulfide consumed by them. Based on these results, both bacteria seem equally capable
partners for improving the growth of Methanobrevibacter species.

The enrichment protocol was then carried out to cultivate archaea from 16 human stool samples,
providing either B. thetaiotamicron, C. minuta, or none as syntrophic partner. In 14 out of the 16
samples Methanobrevibacter could be enriched, which were identified as nine so far uncultivated
strains. Interestingly, despite the evidence from co-culture experiments and the metabolic modelling
predictions, C. minuta did not serve as a facilitator of Methanobrevibacter enrichment. Here, the
reason can only be speculated, but it certainly shows that enrichment and co-cultivation are more
complicated and cannot be reliably inferred by co-culture growth-rates alone.

33



Community metabolic modelling for cross-feeding prediction

This project shows, that metabolic modelling can lead to informative insights in cross-feeding
interactions. The predicted metabolites likely contain false positives, but a number of literature
validated and additional promising candidates were found. While experimental validation is needed,
this points in the direction, that high-quality candidates for cross-fed metabolites can be found using
metabolic models, even when they are automatically generated and of non-model organisms. It
also suggests that genome-guided cultivation, the optimization of growth media, or finding potential
partners for enrichment by co-cultivation are possible with the aid of metabolic modelling.

7.2. Publication status

Preprint publication: Duller, S., Vrbancic, S., Szydlowski, L., Mahnert, A., Blohs, A., Predl, M.,
Kumpitsch, C., Zrim, V., Hoegenauer, C., Kosciolek, T., Schmitz, R. A., Eberhard, A., Dragovan,
M., Schmidberger, L., Zurabischvili, T., Weinberger, V., Moser, A. M., Kolb, D., Pernitsch, D., Mo-
hammadzadeh, R., Kuehnast, T., Rattei, T., Moissl-Eichinger, C., Expanding the cultivated human

archaeome by targeted isolation of novel Methanobrevibacter strains from fecal samples. bioRxiv
2024.04.10.588852; DOI: https://doi.org/10.1101/2024.04.10.588852

Submitted for publication: Duller, S., Vrbancic, S., Szydlowski, L., Mahnert, A., Blohs, A.,
Predl, M., Kumpitsch, C., Zrim, V., Hoegenauer, C., Kosciolek, T., Schmitz, R. A., Eberhard, A.,
Dragovan, M., Schmidberger, L., Zurabischvili, T., Weinberger, V., Moser, A. M., Kolb, D., Pernitsch,
D., Mohammadzadeh, R., Kuehnast, T., Rattei, T., Moissl-Eichinger, C., Expanding the cultivated

human archaeome by targeted isolation of novel Methanobrevibacter strains from fecal samples.
Submitted for publication in Nature Communications, confirmation of receipt: 11.04.2024

This publication is included in the appendix, section A.5.

7.3. Author contributions

The author of this dissertation planned and carried out the metabolic modelling of pairwise co-
cultures. He also wrote part of the manuscript.
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8. Discussion and Conclusion

This work aims to advance the prediction of cross-feeding interactions in microbial communities by
using metabolic modelling.

In chapter 4, the use of the knowledge-base aspect of metabolic models was investigated. A
metabolic model was reconstructed for the non-model organism S. venezuelae and applied to the
analysis of transcriptome data. This allowed putting the differentially expressed genes in the context
of metabolic pathways, as well as analyzing them with pathway enrichment analysis. While the
annotation of some secondary metabolic pathways was missing from the metabolic network, it added
valuable information to the genes in the pathways that were included. As such, even in incomplete,
automatically reconstructed metabolic models of a non-model organisms, the knowledge-base
aspect can be utilized for analysis.

This aspect could still be further improved. An interesting approach would be further integration
of differential gene expression analysis with metabolic networks, by searching for differentially
expressed metabolic subnetworks.

Next, the scope is expanded from metabolic models of single organisms, to those of communit-
ies. Two gaps in the currently available methods were identified and tackled: The generation of
community metabolic models and their visualization.

The PyCoMo package brings important advances to the field, by creating a model structure which
allows switching between different linearization methods. The persistence of community metabolic
models, paired with their reusability and compliance to the SBML community standards open the way
for iterative curation in community metabolic models. Another important advancement is brought by
the efficient calculation of all potential cross-feeding interactions, making this community property
easily accessible to future research.

An important point for further improvements is additional validation. Given data are available,
extending the functionality of PyCoMo and its model structure in the direction of OMICs data
integration and dynamic flux balance analysis seems promising. Tools for such analyses already
exist for single organism metabolic models, it could be sufficient to provide a suitable interface to
models generated by PyCoMo.

There are also some interesting developments regarding model persistence and clearer compart-
mentalization of members, made available through the Hierarchical Model Composition package of
SBML [137, 138]. Combining such an approach with the bound-free model structure would improve
the ease of model curation, which is needed for the long term study and engineering of microbial
communities.

The second software package, ScyNet, tackles the visualization of community metabolic models.
Its network reduction algorithm allows for simple and quick visualization of interactions between
community members. Such visualizations are crucial for understanding communities on a network
level. This is much simpler by viewing a reduced network, than from studying spreadsheets or
large complex hairball-like networks. Additionally, the figures created by ScyNet can be used for
publications and presentations, facilitating the communication of results in community metabolic
modelling research.

There are several future directions for improvement of ScyNet and the visualization of interac-
tions within communities. To create informative figures for larger communities, further reduction is
needed. This could be achieved by grouping or abstraction of community members and metabolites.
Incorporation of additional data types, such as flux distributions, OMICs data, or a comparison
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between metabolic states would open up ScyNet to new types of analyses. Also, including a
selection of internal fluxes from community members would be useful for connecting intracellular
metabolism and community phenotypes. Lastly, automation of ScyNet visualization via Python
access of Cytoscape can be implemented and would allow the creation of bioinformatics pipelines
from genomes to visualized community metabolic models.

In chapter 7, community metabolic modelling was applied to co-cultures of archaea and bac-
teria. The metabolic models showed intriguing predictions: a growth boost for archaea in co-culture
with bacteria, as well as the prediction of cross-fed metabolites, some being known from literature,
others proposed and or newly predicted. As such, the model provides a list of cross-feeding inter-
action candidates for further experiments. The predicted boost in growth-rate was also observed
in previous experiments [134, 136], however, the enrichment of Methanobrevibacter was only
successful with one of the bacterial partners. Further investigation of this phenomenon could be
aided by metabolic modelling as well, for example by refining the community metabolic model with
additional data such as metatranscriptome or metabolome.

The project showcases an important application community metabolic modelling: Genome-guided
cultivation. Many such efforts have already been done [139]. However, this work shows the po-
tential benefit of including the community aspect. Since many unculturable taxa naturally occur
in communities, it is proposed that cultivation of these organisms requires substrates or growth
conditions provided by their community members [37]. This project shows that PyCoMo can provide
information on potential cross-feeding interactions, which are promising candidates for media design
in cultivation efforts.

Metabolic modelling of communities still faces many challenges, such as model completeness,
metabolite transport prediction, estimating reaction parameters or the incorporation of regulatory
mechanisms. As these issues are under active research, future developments will likely improve all
facets of model quality.

An important aspect for future research is the generation of validation datasets. They would allow
for rigorous testing of community metabolic models and methods, making it possible to evaluate
effective modelling strategies and make informed decisions. As establishing suitable datasets or
community competitions has proven to be a successful way to assess the current status and push
improvement of methods in other areas of bioinformatics [140, 141], metabolic modelling would
benefit from such an effort as well.

Iterative curation has been a crucial strategy for the creation of high-quality metabolic models.
Such a feat has not yet been achieved for the study of communities and would be promising. It is
clear that generating experimental data is laborious. Including metabolic modelling in the scope
of analysis early on in the study design can allow many of the experiments done for "biological
research" to be used for modelling the target community as well [12]. On the other hand, iterative
curation of community metabolic models was also restricted by their reusability, as changing the
type of analysis would require creating a new model. This issue is now solved with the model
structure of PyCoMo, taking a crucial step forward.

Taken together, the presented work has advanced the prediction of cross-feeding interactions
in microbial communities by using metabolic modelling, and thus achieved its aim.

Multiple directions for further research have been proposed, but two areas seem especially bene-
ficial: Launching long term refinement projects for metabolic models of select "model" communities,
and gathering data for validating and evaluating the tools, strategies and choices in metabolic
modelling.

Already in its current state, metabolic modelling shows promising applications in the study and
design of communities and genome guided cultivation.
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ABSTRACT The species Streptomyces venezuelae is represented by several distinct

strains with variable abilities to biosynthesize structurally diverse secondary metaboli-

tes. In this work, we examined the effect of ethanol shock on the transcriptome and

metabolome of Streptomyces venezuelae NRRL B-65442 using high-throughput RNA

sequencing (RNA-seq) and high-resolution liquid chromatography-tandem mass spec-

trometry (LC-MS/MS). Ethanol shock caused massive changes in the gene expression

profile, differentially affecting genes for secondary metabolite biosynthesis and central

metabolic pathways. Most of the data from the transcriptome analysis correlated well

with the metabolome changes, including the overproduction of jadomycin congeners

and a downshift in the production of desferrioxamines, legonoxamine, foroxymithin,

and a small cryptic ribosomally synthesized peptide. Some of the metabolome changes,

such as the overproduction of chloramphenicol, could not be explained by overexpres-

sion of the cognate biosynthetic genes but correlated with the expression profiles of

genes for precursor biosynthesis. Changes in the transcriptome were also observed for

several genes known to play a role in stress response in other bacteria and included

at least 10 extracytoplasmic function s factors. This study provides important new

insights into the stress response in antibiotic-producing bacteria and will help to under-

stand the complex mechanisms behind the environmental factor-induced regulation of

secondary metabolite biosynthesis.

IMPORTANCE Streptomyces spp. are filamentous Gram-positive bacteria known as ver-

satile producers of secondary metabolites, of which some have been developed into

human medicines against infections and cancer. The genomes of these bacteria harbor

dozens of gene clusters governing the biosynthesis of secondary metabolites (BGCs),

of which most are not expressed under laboratory conditions. Detailed knowledge of

the complex regulation of BGC expression is still lacking, although certain growth con-

ditions are known to trigger the production of previously undetected secondary

metabolites. In this work, we investigated the effect of ethanol shock on the produc-

tion of secondary metabolites by Streptomyces venezuelae and correlated these find-

ings with the expression of cognate BGCs and primary metabolic pathways involved

in the generation of cofactors and precursors. The findings of this study set the stage

for the rational manipulation of bacterial genomes aimed at enhanced production of

industrially important bioactive natural products.
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Gram-positive filamentous bacteria belonging to the genus Streptomyces dwell in vari-

ous complex environments, such as soils, marine sediments, plants, and animals,

where they are often challenged with both biotic and abiotic stress factors (1). Hence,

these bacteria must be able to adjust their gene expression patterns in order to meet

these challenges and to change their metabolism accordingly. One of the well-known

traits of streptomycetes is their ability to biosynthesize chemically diverse secondary

metabolites in response to various stress factors, such as nutrient limitation, temperature

shift, and the presence of other microorganisms nearby (2). Some of these secondary

metabolites have antimicrobial activity, and quite a few have been developed into medi-

cally useful antibiotics, e.g., erythromycin, daptomycin, and tetracyclines. The roles that

antibiotically active secondary metabolites play in natural environments are still being

debated, but mounting evidence shows that besides their involvement in the “chemical

warfare” to eliminate competitors for nutrient sources (1), they also act as signaling mole-

cules at subinhibitory concentrations (3) that can shape microbial communities (4).

Understanding of the environmental factor-dependent mechanisms that trigger the bio-

synthesis of secondary metabolites would provide important insights into the biology of

streptomycetes and may also be applied to increase the industrial yields of medically im-

portant antibiotics.

In bacteria, one- and two-component systems, as well as extracytoplasmic function s

factors (ECFs), play pivotal roles in sensing the environment and transducing the signals

inside the cell, leading to specific changes in the gene transcription patterns (5). The one-

component systems consist of one protein with sensing and regulatory (DNA binding)

domains (6), while the two-component systems are composed of a sensor kinase and a

transcriptional regulator, subject to activation by the cognate kinase via phosphorylation

(7). The activity of ECFs is usually regulated by transmembrane anti-s factors, to which

they are tightly bound until their release in response to an environmental stimulus.

Notably, there also exist “hybrid” systems, where ECF sigma factors contain additional sen-

sor domains that regulate their activity along with anti-s factors (8). Both, two-component

systems and ECFs are known to control secondary metabolism in Streptomyces (9–11) and

thus appear to be crucial for the activation of the latter in response to environmental stim-

uli. However, molecular details of the mechanisms behind such signal transduction remain

mostly obscure due to the extreme complexity of the regulatory networks that control

secondary metabolism in streptomycetes. Streptomyces venezuelae, known as a producer

of the antibiotic chloramphenicol, represents an interesting study subject in this respect

since it is known to respond to phage infection, temperature shift, or ethanol shock by

changing its secondary metabolome (12, 13). In S. venezuelae ATCC 10712, ethanol stress

suppresses the production of chloramphenicol while simultaneously triggering the biosyn-

thesis of angucycline polyketides, namely, jadomycins (12), and the regulatory mechanism

behind such reciprocal regulation has been studied at the level of pathway-specific regula-

tors (14, 15).

In this work, we investigated the effect of ethanol stress on the global transcriptome of

S. venezuelae NRRL B-65442 by means of high-throughput RNA sequencing (RNA-seq) and

correlated these data with the changes in the secondary metabolome. In addition, we

examined the effect of ethanol shock on the transcription of genes governing major pri-

mary metabolic pathways and genes encoding ECFs as well as proteins known to be

involved in stress response. The results obtained represent a significant step toward deci-

phering a complex process of stress response in Streptomyces bacteria and its connection

to secondary metabolite biosynthesis.

RESULTS AND DISCUSSION

Streptomyces venezuelae NRRL B-65442 genome and its BGCs and secondary

metabolites. Various strains of Streptomyces venezuelae have been investigated by several

research groups (16, 17). This species has remarkable properties for streptomycetes, in

that it grows very fast and sporulates almost synchronously in liquid medium. The two

very closely related strains S. venezuelae ATCC 10712 and NRRL B-65442 received consider-

able attention due to their ability to activate antibiotic biosynthesis upon ethanol shock

Bacterial Response to Ethanol Shock Microbiology Spectrum
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(12, 13). Gomez-Escribano et al. (16) recently compared the genomes of these strains,

which differed in 46 nucleotide mismatches and 34 indels. These differences might

account for the previously observed variation in the strains’ response to ethanol shock,

whereby chloramphenicol biosynthesis was suppressed by it in ATCC 10712 while being

stimulated in NRRL B-65442 (mistaken for ATCC 10712 in reference 13). We once again

examined the genome of NRRL B-65442 using antiSMASH6.0 (18), followed by manual

curation, and amended the table of BGCs proposed by Gomez-Escribano et al. (16) as

shown in Table 1. Since the effect of ethanol stress on both ATCC 10712 and NRRL B-

65442 has been studied in one liquid medium, namely, Maltose Yeast Extract medium

(MYM) (see Materials and Methods), we decided to use the same conditions in the follow-

up experiments with strain NRRL B-65442, aimed at examining its secondary metabolome.

Previously, secondary metabolites corresponding to seven of the BGCs shown in

Table 1 were reported from S. venezuelae ATCC 10712 and NRRL B-65442. Using a liquid

chromatography-mass spectrometry (LC-MS)-based metabolomics workflow, the produc-

tion of the following metabolites in MYM medium was confirmed by matching accurate

mass, isotopic pattern, and tandem MS (MS/MS) data: gaburedins A to D (19); the 2-

hydroxyphenylthiazolines watasemycin A/B, thiazostatin A/B, isopyochelin, pulicatin A to

D, and aerugine (20); and chloramphenicol (21), as well as desferrioxamine B (22) and

TABLE 1 Secondary metabolite biosynthesis gene clusters in the genome of S. venezuelae NRRL B-65442 and effects of ethanol shock on their
expression and cognate metabolites

BGC Type Known or putative producta Gene Metabolome Transcriptome Pathway

1 Ectoine Ectoine/betaine RS01090–01095 NDb Down P101-PWY

2 Terpene Geosmin RS01290 ND Down PWY-5950

3 Pks/NRPS Venemycin RS02305–02380 ND None None

4 NRPS Watasemycins/thiazostatins RS02405–02475 Down None None

5 Lantipeptide Core: ADhaIDVPYDhbDhbGDhbIDhbVC RS02610–02620 ND None None

6 Terpene Terpenoid RS02650–02655 ND Down None

7 Lantipeptide Venezuelin RS02970–02980 ND None None

8 Indole Arcyriaflavin RS03645–03670 ND None None

9 NRPS Chloramphenicol RS04425–04505 Up Down/up PWY-8032

10 CDPS Cyclic dipeptide RS09190–09195 None None PWY-7236

11 Siderophore Desferrioxamine RS12675–12690 Down Down PWY-6375

12 Lasso peptide Core: GDAAELTQGQGGGQSEDKRRAYNC RS15430–15450 ND None None

13 NRPS Peptide RS20250–20325 ND None None

Other Gaburedins RS20785–20795 Down Down None

14 Butyrolactone Butyrolactone RS20800–20805 ND None None

15 Melanin Melanin RS23170–23175 ND None PWY-6481

16 Butyrolactone Butyrolactone RS25385 ND None None

17 Other Pyrrolnitrin-like? RS25415–25435 ND None PWY-6831

18 Thiopeptide Core: SSGSIGTSSSSSSTCSAC RS25565–25620 ND Down None

19 Pks3 Flaviolin RS26780 ND None None

20 Siderophore Siderophore RS27055–27060 ND None None

21 Siderophore Legonoxamines RS27330–27345 Down Down None

22 Bacteriocin Bacteriocin RS29140 ND None None

23 Pks2 Jadomycin RS29740–29955 Up Up PWY-6679

24 NRPS Peptide RS30590–30630 ND Up None

25 Pks2-NRPS Peptide-polyketide hybrid RS30820–30995 ND Down/up None

26 Ladderane Ladderane RS31000–31150 ND Down/up None

27 NRPS Terpapeptide (x-Phe-X-Gly?) RS31155–31260 ND Down None

28 Terpene Hopanoids RS32065–32140 ND Down PWY-7072

29 Bacteriocin Bacteriocin RS32515 ND None None

30 Pks2 Spore pigment RS33815–33860 ND Down None

31 Melanin Melanin RS34060-34065 ND None None

32 NRPS Foroxymithines RS35125–35150 Down Down None

33 Terpene 2-Methylisoborneol RS35405–35410 ND Down None

34 Pks3 Alkylresorcinol RS36050–36065 Down Down None

35 Terpene Terpenoid RS36960 ND None None

36 NRPS Peptide RS37045 ND Down None

aKnown secondary metabolites for which cognate BGCs are known are shown in bold.
bND, not detected in conditions tested with the given workflow.
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numerous related siderophores, such as legonoxamine A (23). The S. venezuelae BGC-

encompassing genes RS27330 to RS27345 (Table 1) could be linked to the biosynthesis of

legonaxamines, as it encoded enzymes similar to those for the biosynthesis of

desferrioxamines.

Although jadomycin B could not be detected, the related angucyclines L-digitoxosyl-

phenanthroviridin described for S. venezuelae ISP5230 (24) and, in smaller amounts, phe-

nanthroviridin aglycone (25) were tentatively identified. L-Digitoxosyl-phenanthroviridin

was proposed to be the stable degradation product of the jadomycin B analogue with L-ly-

sine incorporated instead of L-isoleucine (24). Our data support this hypothesis since a

minor peak matching this transient jadomycin L-lysine was detected in some samples. In

addition, the rare siderophore foroxymithine (26) was identified in S. venezuelae for the

first time and tentatively matched to the BGC responsible for its production (see Table 1).

Venemycin (27) and venezuelin (28) were not detected, but the production of both these

compounds was described only in a mutant strain or upon heterologous expression and

not in the wild-type S. venezuelae, where the corresponding BGCs appear to be silent

under these cultivation conditions.

Besides the above-mentioned natural products, a large number of other metabolites

were tentatively identified, such as amino acids and their derivatives (e.g., N-phenylacetyl-

glutamine), diketopiperazines [e.g., cyclo(Phe-Pro)], nucleosides (e.g., various N- and

O-methyladenosines), lipids (e.g., fatty acid amides and phosphatidylethanolamines), and

cofactor-related compounds (e.g., biotin and pantothenic acid).

One of the main peaks in the chromatograms of the S. venezuelae NRRL B-65442 culture

extract turned out to be a linear ribosomal peptide of 19 amino acids long with a formyl

group on the N-terminal methionine (Met). With lower abundance, derivatives originating

from the oxidation of the Met to the sulfoxide, C-terminal truncation down to the tetrape-

tide, deamination of an Asn to Asp, and combinations of those were observed. The full

sequence of the peptide, designated PepX, could be derived from the MS/MS spectra (with

the exception of Leu and Ile, which cannot be differentiated easily in de novo sequencing).

PepX was found to be encoded by a small gene provisionally named RS03776, located

between RS03775 and RS03780 encoding a putative endolytic transglycosylase and an ABC

transporter ATP-binding protein, respectively. No putative function could be assigned to the

PepX peptide based on its amino acid sequence, which was translated as N-formyl-

MNVITNLLAGVVHFLGWLV in agreement with the MS/MS data. However, the pepX gene

homologue could be identified in genomes of various streptomycetes and appears to be

conserved. High-resolution MS and MS/MS spectra of the above-mentioned compounds

and more details on their identification can be found in the Supplemental Material (Fig. S1

to S9).

Effect of the ethanol shock on the secondary metabolism of S. venezuelae. To

investigate the impact of ethanol shock on the production of secondary metabolites and

the relative concentration of other identified compounds in the culture, S. venezuelae NRRL

B-65442 was cultivated in triplicates in MYM medium in the presence and absence of 6%

ethanol added after 7 h of initial growth. The methanolic culture extracts were analyzed by

LC-MS after 18 h, 24 h, and 48 h of incubation. The data set was compared using an untar-

geted data analysis workflow to identify the most significantly affected compounds. Ethanol

shock was found to have a profound effect on the metabolite profile, and the amount of

nearly all secondary metabolites detected was either increased or decreased (Fig. 1). The

most obvious impact was on the hydroxamate siderophores because they are among the

most abundant compounds already after 16 h of cultivation, and in the case of desferriox-

amines/legonoxamines, they are represented by a large number of congeners and deriva-

tives which all behaved identical qualitatively. The production of both foroxymithine and

desferrioxamine B congeners were nearly abolished after the addition of ethanol to the me-

dium. The same was true for the 2-hydroxyphenylthiazolines, such as thiazostatin A or B,

which were however detected only at very low levels. Interestingly, the same very strong

depletion was observed for PepX (Fig. 1), indicating a possible correlation in the regulation

of the biosynthesis of this simple ribosomal peptide and the more complex multienzyme

Bacterial Response to Ethanol Shock Microbiology Spectrum

November/December 2022 Volume 10 Issue 6 10.1128/spectrum.03672-22 4

D
o
w

n
lo

ad
ed

 f
ro

m
 h

tt
p
s:

//
jo

u
rn

al
s.

as
m

.o
rg

/j
o
u
rn

al
/s

p
ec

tr
u
m

 o
n
 0

7
 F

eb
ru

ar
y
 2

0
2
4
 b

y
 1

3
1
.1

3
0
.3

4
.1

7
6
.

A. Appendix

53



FIG 1 Effect of ethanol shock on the production of secondary metabolites and the relative concentration of other identified compounds

in MYM cultures of S. venezuelae NRRL B-65442 after 18 h, 24 h, and 48 h of cultivation. After 7 h of cultivation, either 6% (vol/vol) of

(Continued on next page)
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factories responsible for the synthesis of foroxymithine, desferrioxamine B, legonoxamine A,

and the 2-hydroxyphenylthiazolines. In agreement with our previous observations, the pro-

duction of chloramphenicol (13) and of the jadomycin-related compounds L-digitoxosyl-phe-

nanthroviridin and phenanthroviridin aglycone was increased by ethanol shock but only at

later time points. Conversely, the level of the gaburedins seemed to be reduced by ethanol

shock at the later time points (Fig. 1).

In the search for other compounds which were affected and could help to unravel the

regulatory network, several modified nucleosides stood out. Most of the tentatively identi-

fied nucleosides, namely, N,N-dimethyl-O-methyladenosine, two N,O-dimethyladenosine iso-

mers, and threonylcarbamoyladenosine, were downregulated strongly upon ethanol shock,

while an N,N-dimethyladenosine was upregulated strongly (Fig. 1). Although the fragmenta-

tion pattern allows only the localization of the methyl groups on either the base or sugar

part without further details, it is likely that the methylation of adenine takes place at the N6

position. N6,N6,29-O-trimethyladenosine, N6,29-O-dimethyladenosine, N6-threonylcarbamoyla-

denosine, and N6,N6-dimethyladenosine are all well-known products of RNA modification

reactions that play an important role in transcription and translation (29). However, while

the “RNA epigenetic” system of enzymes responsible for “writing, erasing and reading” the

RNA N6-methyladenosine (m6A) modifications is reasonably well established for many eukar-

yotes, little is known about such a system in bacteria despite m6A being confirmed as a

widespread modification (29, 30). Also, the relatively high levels of these free, modified

nucleosides are puzzling considering that only ,0.08% of the adenosine in mRNA from the

two Gram-positive bacteria, Staphylococcus aureus and Bacillus subtilis, was found to be N6-

methylated (31).

Another compound produced in larger amounts after ethanol shock was N-phenylace-

tylglutamine (Fig. 1), an amino acid derivative known as a gut microbiota-host cometabo-

lite that has been investigated as a potential biomarker for coronary heart disease (32). To

the best of our knowledge, this compound has not yet been reported from streptomy-

cetes and its biosynthetic origin is not clear. However, since the increase of N-phenylace-

tylglutamine coincides with the decrease in legonoxamine A content, it is possible that its

production is not upregulated on a transcriptional or translational level but is influenced

merely by the availability of larger amounts of phenylacetyl-coenzyme A (CoA) that is oth-

erwise channeled into the biosynthesis of legonoxamine A.

We also observed that several amino acids and N-acetyl amino acids are more abun-

dant upon ethanol shock. Since the amino acids are already present in the medium as

nutrients in even larger amounts, their relatively higher concentration upon ethanol-

induced stress might indicate lower uptake and consumption (Fig. 1). However, numer-

ous other metabolites were not or only very little affected, as exemplified for the two

cyclo(Phe-Pro) stereoisomers and biotin, demonstrating that the strong downregula-

tion of several metabolites shown above cannot be simply explained by a general

reduction in metabolism upon the ethanol shock.

In the course of a follow-up study, three additional batches of S. venezuelae NRRL B-

65442 cultures in MYM medium in the presence and absence of 6% ethanol were ana-

lyzed. To test the robustness and reproducibility of the above-described findings, these

data were examined by a targeted workflow, and the results are shown in Fig. S10 in the

supplemental material. Despite strong variation in the peak areas between batches, all the

trends reported above could be confirmed except for the gaburedins, for which no clear

picture was obtained.

Ethanol shock causes massive changes in the transcriptome. A comparative

RNA-seq-based transcriptome analysis was performed for the S. venezuelae cultures

grown with and without ethanol shock. The samples for RNA isolation were taken from

FIG 1 Legend (Continued)

absolute ethanol (red bars) or distilled sterile water (blue bars) was added. Each bar represents the average of three independent experiments

(n = 3), except for the medium control (n = 2). The error bars represent the standard deviation. The statistical differences between groups

were evaluated using two-way ANOVA followed by the Šídák's multiple-comparison test (****, P , 0.0001; ***, P , 0.0001 to P , 0.001;

**, P , 0.001 to P , 0.01; *, P , 0.01 to P , 0.05).
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the same cultures for which secondary metabolome analysis have been performed.

After an 18-h post-ethanol shock, 1,246 out of the 7,204 annotated genes in the S. ven-

ezuelae genome (17.2%) were found to be differentially affected. At 24 and 48 h poste-

thanol shock, 1,115 and 638 genes, respectively, were differentially expressed (see

Table S1 in the supplemental material). A comparison of differentially expressed genes

across all samples and time points is shown as a heat map in Fig. 2, where it is evident

that the most significant changes in the transcriptome happen at 18 h and 24 h post-

ethanol shock. It was also evident that at the 48-h time point that the expression of

many genes is more similar to that of the control samples, as already indicated by the

reduced number of differentially expressed genes. A comparison of all differentially

expressed genes over all samples and time points reveals that their expression pattern

clearly separates ethanol shock samples from control samples. The three different time

points show distinct gene sets up- or downregulated consistently within each of the

three ethanol shock replicates, with more similarity between 18 h and 24 h.

The effect of ethanol treatment on gene expression has been studied for bacteria

used to produce alcohol-containing beverages, such as Lactobacillus plantarum and

Oenococcus oeni (33, 34). The most frequently observed response to environmental

stress, including ethanol shock, was reported to be changes in the bacterial membrane.

Ethanol and other chemicals, such as hydroxylamine derivatives, increase membrane

fluidity (35), and this process can be counteracted via several mechanisms. They

include changes in the phospholipid composition (36) as well as overexpression of

membrane-binding heat shock proteins, such as DnaK and GroEL (37). We specifically

looked at the transcription profiles of S. venezuelae genes RS17015 and RS22115

encoding DnaK and GroEL heat shock proteins, respectively. Both genes were upregu-

lated at 18 h and 24 h, with RS22115 also upregulated at 48 h after ethanol shock.

FIG 2 Comparison of differentially expressed genes across all samples and time points. Sample names on the

bottom show the time point (18, 24, and 48 h) of collection, the ID of the biological replicate (1–3), and

treatment with ethanol (1) or water (2). The individual cells each represent a differentially expressed gene in

given sample. For each gene, a z-score is calculated based on mean and standard deviation across all samples.

The Z-score is used to color the genes for a deviation from the mean with blue being less expressed, red

being higher expressed, and white being expression close to the mean. Genes are clustered based on their

correlation with each other, resulting in clear separation of ethanol-shocked and control samples.
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Besides being molecular chaperons that assist in correct protein folding, DnaK and

GroEL are recruited to the bacterial membrane upon ethanol shock in Bacillus subtilis

(37). At least for GroEL it was shown that such binding stabilizes the membrane (38). It

is thus logical to assume that upregulation of DnaK and GroEL homologue expression

in S. venezuelae upon ethanol shock serves the same purpose.

Some other proteins, such as Asp23 in Staphylococcus aureus overexpressed upon

alkaline shock, were shown to be tethered to the membrane and implicated in stress

response (39). Deletion of the asp23 gene leads to upregulation of cell wall stress

genes and increases resistance to the membrane-targeting antibiotic daptomycin (40).

In S. venezuelae, expression of the gene RS07310 encoding an Asp23/Gls24 family en-

velope stress protein is downregulated at all three time points examined, which corre-

lates well with the findings reported for its S. aureus counterpart.

From the data presented above, it appears plausible that the membrane of S. vene-

zuelae undergoes significant alterations upon cell exposure to ethanol. One of the

most important consequences of such perturbations could be changes in the state of

membrane-bound proteins that may interact with ECFs and modulate their activity

(41). With this in mind, we examined the effect of ethanol shock on the transcription of

all 56 s factors encoded in the S. venezuelae genome at 18 h, 24 h, and 48 h. The

results of this analysis are presented in Table 2. In total, the expression of 14 s factors,

with 10 of them ECFs, was affected by the ethanol shock, with 2 being downregulated

(1 of them ECF) and 4 upregulated (3 of them ECFs) at all three time points. We suggest

that s factors, whose expression was affected only at 24 h or/and 48 h and not at 18 h,

are unlikely to be involved in the regulation of secondary metabolism since metabo-

lome changes after ethanol shock were observed already at 18 h.

Correlation of the metabolome and transcriptome data does not always pro-

vide consistent results. We attempted to correlate the metabolome and transcriptome

data, specifically looking at the genes known to be involved in the biosynthesis of

detected secondary metabolites. Genes for the biosynthesis of desferrioxamine, legonox-

amines, and foroxymithines, as well as the gene encoding peptide X, were clearly downre-

gulated at the 18-h and/or 24-h time points, which correlated well with the drastically

reduced accumulation of these compounds, while no such correlation was found for

gaburedins. The finding that there was no correlation for gaburedins may be explained by

the upregulation of the biosynthesis at the level of translation or via a decreased availabil-

ity of the precursor g-aminobutyric acid (19). The correlation between the transcriptome

and metabolome was also poor for chloramphenicol and jadomycin BGCs, as none of the

genes involved in the biosynthesis of corresponding scaffolds (e.g., nonribosomal peptide

synthetase [NRPS] for chloramphenicol and ketosynthase for jadomycin) were affected by

the ethanol shock. However, the expression of the regulatory genes jadR1 (RS29820) and

TABLE 2 Expression of S. venezuelae s factors affected by the ethanol shocka

Gene

Expression at:

s domains18 h 24 h 48 h

RS00060 Up r2, r4

RS02270 Down Down r2, r3, r4

RS13895 Up Up Up r2, r3, r4

RS15140 Up Up r1, r2, r3, r4

RS15760 Down Down Down r2, r4

RS15950 Up Up Up r2, r4

RS17255 Up r2, r4, SnoaL

RS18620 Up r2, r4

RS18755 Down Down Down r2, r3, r4

RS21030 Up r2, r4

RS22475 Down r2, r4

RS22785 Up Up Up r2, r4

RS23885 Up r2, r4

RS24280 Up Up Up r2, r4

aCells representing genes that encode ECFs are shaded in gray.

Bacterial Response to Ethanol Shock Microbiology Spectrum

November/December 2022 Volume 10 Issue 6 10.1128/spectrum.03672-22 8

D
o
w

n
lo

ad
ed

 f
ro

m
 h

tt
p
s:

//
jo

u
rn

al
s.

as
m

.o
rg

/j
o
u
rn

al
/s

p
ec

tr
u
m

 o
n
 0

7
 F

eb
ru

ar
y
 2

0
2
4
 b

y
 1

3
1
.1

3
0
.3

4
.1

7
6
.

A. Appendix

57



jadR (RS29940), as well as some of the biosynthetic genes, namely, jadJ (RS29825, acyl-CoA

carboxylase), jadB (RS29840, ketosynthase chain-length factor), jadF1 (RS29860, FAD-de-

pendent oxidoreductase), jadH (RS29870, FAD-dependent oxidoreductase), and jadK

(RS29875, alpha/beta hydrolase) in the jadomycin BGC, were all upregulated at 18 h. It is

possible that enzymes encoded by the upregulated jad genes represent “bottlenecks” in

the jadomycin biosynthetic pathway, and hence, their overexpression circumvents this

problem.

In the case of chloramphenicol, the situation appears to be more complex. The cmlB

gene (RS04460) encoding aminodeoxychorismate (ADC) synthase is downregulated at the

24-h time point after the ethanol shock, which does not correlate with the apparent

increase in chloramphenicol production. ADC synthase, besides chloramphenicol biosyn-

thesis, is involved in the formation of para-aminobenzoic acid, a precursor for the forma-

tion of folates, the essential cofactors. Chang et al. (42) reported cloning of the S. venezue-

lae ISP5230 (ATCC 10712) PABA biosynthesis genes, pabA and pabB, which are located

outside the chloramphenicol BGC and are responsible for the ADC synthesis. Disruption of

pabA resulted in 97% reduction in the chloramphenicol biosynthesis, clearly suggesting

that CmlB is not the main enzyme responsible for the generation of ADC starter. In S. vene-

zuelae NRRL B-65442, homologous proteins are encoded by the genes RS31140 (pabA)

and RS31145 (pabB), and their expression is not affected by the ethanol shock. Hence,

downregulation of cmlB is unlikely to have any consequences for the chloramphenicol

production. On the other hand, expression of the gene cmlJ (RS04490) encoding an SDR

family oxidoreductase implicated into the last step of chloramphenicol biosynthesis (21) is

upregulated at 24 h, which correlates well with the increase of this antibiotic yield after

24 h (Fig. 1). Apart from the regulation of protein expression or enzyme function,

increased levels of chloramphenicol’s main precursor, chorismate, could explain the

observed stimulation of the biosynthesis. Our data show an increased expression of choris-

mate biosynthesis genes (see Fig. 5B), providing support for this hypothesis.

Notably, chorismate is the precursor for the biosynthesis of both chloramphenicol

and thiazostatins/watasemycins (20). Hence, the suppression of the thiazostatins bio-

synthesis upon ethanol shock is likely due to the depletion of chorismate that may be

channeled into the chloramphenicol biosynthesis pathway since no changes in the

expression of the watasemycin biosynthetic genes could be detected.

Although the metabolome analysis did not detect other compounds which, accord-

ing to the earlier reports could have been produced by S. venezuelae, we examined the

gene expression patterns of their BGCs upon ethanol shock. According to such an anal-

ysis, the expression genes for ectoin, geosmin, and 2-methylisoborneol biosynthesis, as

well as the PKS genes from the spore pigment BGC, were downregulated upon ethanol

shock (Table S1). These compounds are likely produced in the culture but not detected

by the applied metabolomics workflow due to their high polarity (ectoin), volatility

(geosmin and 2-methylisoborneol), or low solubility (spore pigment).

Genome and omics-based analyses of selected S. venezuelae metabolic path-

ways. To better correlate the transcriptome and metabolome data for the secondary

metabolite biosynthesis pathways affected by the ethanol shock in S. venezuelae, we per-

formed their integration into the schemes presented in Fig. 3 to 5A and in Fig. S11 in the

supplemental material. Figure 3A shows the desferrioxamine B biosynthesis pathway in

MetaCyc (PWY-6376), overlaid with differential gene expression data for all four genes from

the desferrioxamine BGC. The gene which product catalyzes the first reaction, conversion of

L-lysine to cadaverine is downregulated at the 24-h time point, while the genes governing

the next two reactions, up to N-hydroxy-N-succinylcadaverine, are also downregulated at

18 h. Only the last gene encoding the DesD enzyme responsible for the condensation of

N-acylated N-hydroxycadaverine with two molecules of N-succinyl-N-hydroxycadaverine to

form various desferrioxamines, including desferrioxamine B, was not differentially expressed.

Figure 3B shows the hopanoid biosynthesis pathway in MetaCyc (PWY-7072), over-

laid with the differential gene expression data. The pathway from (2E,6E)-farnesyl

diphosphate to squalene requires the products of three genes, but the exact reactions

involved are unclear based on the predictions. The pathway assumes the conversion of
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presqualene diphosphate to squalene as two separate reactions via hydroxysqualene. Only

for the second step, a gene coding for the enzyme responsible was predicted. However, a

different gene was predicted to specify a one-step reaction from presqualene diphosphate

to squalene, which is attributed to the epoxysqualene pathway. Furthermore, only some of

the branches of the pathway are predicted to have genes encoding enzymes catalyzing

these reactions, ending at hopan-22-ol and aminobacteriohopanetriol. The second branch

contains the only reaction that is connected to a differentially expressed gene, RS32135,

which is downregulated at all time points after the ethanol shock. This gene encodes adeno-

sylhopane synthase HpnH that is responsible for the synthesis of C35 bacteriohopanepo-

lyols, which represent an important part of bacterial membranes largely affecting their

fluidity (43). Hence, downregulation of this gene likely results in a more rigid and less perme-

able membrane, thus adding to the stabilizing effect of DnaK/GroEL upregulation and

Asp23 homologue downregulation.

The jadomycin biosynthesis pathway in MetaCyc (PWY-6679) is shown in Fig. 4,

overlaid with differential gene expression data. All reactions in this pathway were

matched with particular genes in the jadomycin BGC. Genes for enzymes catalyzing

three different reactions were upregulated in this pathway; RS29860 is upregulated at

18 h and corresponds to the reaction from UWM6, an angucycline intermediate, to pre-

jadomycin. The follow-up reaction is governed by RS29870, which is upregulated also

at 24 h. Finally, the first reaction in the pathway, namely, the conversion of acetyl-CoA

to malonyl-CoA, is predicted to be enabled by four different genes, of which only one

(RS29825) belongs to the jadomycin BGC and is upregulated at 18 h. The other three

genes are not located within jadomycin BGCs, but two of them are upregulated at 18 h

and 24 h, with the last one not being differentially expressed.

Figure 5A shows the chloramphenicol biosynthesis pathway according to MetaCyc

(PWY-8032), overlaid with differential gene expression data. This pathway consists of

nine reactions catalyzed by the enzymes encoded by seven genes of the chloramphen-

icol BGC. One reaction [3-(4-aminophenyl)pyruvate to 4-amino-L-phenylalanine] does

not have a gene prediction, as the MetaCyc database does not have a representative

enzyme or sequence attributed to it. Out of the seven genes, only one is differentially

FIG 3 (A) Visualization of the desferrioxamine B biosynthesis pathway according to MetaCyc (PWY-6376). (B) Visualization of the hopanoid biosynthesis

pathway according to MetaCyc (PWY-7072). S. venezuelae genes encoding enzymes involved in the pathways and their expression patterns at 3 time

points after ethanol shock are shown. Downregulated genes are shown in blue.
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expressed; RS04460 is downregulated at 24 h and corresponds to the first step of the

pathway.

Several central metabolic pathways are affected by ethanol shock. Besides the

genes governing the biosynthesis of secondary metabolites, ethanol shock caused signif-

icant changes in the expression of genes involved in central metabolic pathways of S.

venezuelae that are responsible for the generation of energy and primary metabolites.

The tricarboxylic acid (TCA) cycle in S. venezuelae, schematically shown in Fig. 6 and, in

more detail, in Fig. S11, includes a glyoxylate shunt. The glyoxylate shunt has been

shown to be connected to oxidative and antibiotic stress response in various bacteria,

but no clear understanding of its significance has yet been obtained (44). The gene

expression profile shows an upregulation of the genes whose products are responsible

for most parts of the TCA cycle at 18 h after the ethanol shock (genes RS12505, RS22220,

RS22405, RS22565, RS22570, RS24745, RS26530, and RS30430). At 24 h, the expression

profile changes drastically, as the genes for the reactions from succinate to malate are

downregulated (genes RS01060 and RS34050) and most genes that were previously up-

regulated are now not differentially expressed, leaving only RS12505, RS24745, and

RS30430 expressed at a higher level. In addition, RS12505, whose product encodes ci-

trate synthase responsible for the conversion of oxaloacetate to citrate, is upregulated at

18 and 24 h, while two other genes annotated as coding for “citrate synthase 2”

(RS20910) and “bifunctional 2-methylcitrate synthase/citrate synthase” (RS27870) are not

differentially expressed or downregulated, respectively. Most likely, the products of the

genes RS20910 and RS27870 are not involved in the TCA. In the glyoxylate shunt, one of

the genes involved in this pathway, namely, RS30430, is upregulated at 18 h and 24 h

(Fig. 6, Table S1). At 48 h after ethanol shock, only a single gene involved in the TCA

cycle is differentially expressed, RS24745, whose product is responsible for the conver-

sion of 2-oxoglutarate to succinate semialdehyde. An upregulated TCA cycle, together

with the glyoxalate shunt could thus provide increased amounts of NADH, NADPH, and

FIG 4 Visualization of the jadomycin biosynthesis pathway according to MetaCyc (PWY-6679). Genes encoding enzymes involved in the pathways and their

expression patterns at 3 time points after ethanol shock are shown. Upregulated genes are shown in orange.
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FIG 5 (A) Visualization of the chloramphenicol biosynthesis pathway according to MetaCyc (PWY-8032). (B) Visualization of the chorismate biosynthesis

pathway according to MetaCyc (PWY-6163). Genes encoding enzymes involved in the pathways and their expression patterns at 3 time points after ethanol

shock are shown. Downregulated genes are shown in blue and upregulated in orange.
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coenzyme A, which are all known as cofactors of enzymes involved in the biosynthesis

of secondary metabolites.

Several genes whose products catalyze reactions in gluconeogenesis (Fig. 7) were

also found to be upregulated upon ethanol shock, with 9 genes (RS07775, RS07780,

RS13425, RS14350, RS16930, RS22405, RS22865, RS29825, and RS36560) at 18 h after

ethanol shock, dropping to 5 (RS07775, RS13425, RS14350, RS22865, and RS36560) at

FIG 6 Reactions in the TCA cycle and glyoxylate shunt colored according to the gene expression state at 18 h and 24 h after ethanol shock.

Reactions where at least one gene encoding an involved enzyme is upregulated are colored orange, and downregulated genes are colored

blue. The reaction converting oxaloacetate to citrate can be catalyzed by the enzyme products of one up- and one downregulated gene and

is colored both orange and blue.

FIG 7 Visualization of the gluconeogenesis pathway according to MetaCyc (GLYCOLYSIS). S. venezuelae genes encoding enzymes involved in the pathways

and their expression patterns at 3 time points after ethanol shock are shown. Genes are colored by their status of differential gene expression, namely,

orange for higher expression and blue for lower expression.
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24 h, and only 3 (RS14350, RS22865, and RS36560) at 48 h (Table S1). Gluconeogenesis

is linked to the pentose phosphate pathway, which generates NADPH, an essential

cofactor needed for anabolic processes, including the biosynthesis of secondary

metabolites. Hence, upregulation of gluconeogenesis may boost secondary metabo-

lism by supplying NADPH that can be utilized in pathways encoded by upregulated

BGCs, such as the one for jadomycin biosynthesis (Fig. 4).

Acetyl-CoA is one of the central primary metabolites and is also used as a precursor

or building block in the polyketide biosynthesis. The main catabolic pathway leading

to acetyl-CoA is fatty acid oxidation, which according to MetaCyc involves up to 27

genes in S. venezuelae (Fig. 8). Four (RS05820, RS25170, RS29085, and RS29090)/five

(RS17870) of these genes are upregulated at 18/24 h after the ethanol shock. The

increased pool of acetyl-CoA may supply precursors for jadomycin biosynthesis, further

boosting this process along with the overexpression of biosynthetic genes.

We also took a closer look at the expression profiles of the genes involved in the bio-

synthesis of chorismate, which is a precursor for both tryptophan and chloramphenicol,

with chloramphenicol being overproduced upon ethanol shock (Fig. 1). Chorismate bio-

synthesis is accomplished via five reactions, starting from 3-dehydroquinate (Fig. 5B).

Three of the five reactions are catalyzed by the enzymes encoded by genes whose

expression is upregulated after ethanol shock. The upregulated genes are RS05355 at

18 h, assigned to the conversion of 5-enolpyruvoyl-shikimate 3-phosphate to chorismate;

RS05340 at 24 h, assigned to the reaction from 3-dehydroquinate to 3-dehydroshikimate;

and RS05350 at 18 and 24 h, assigned to the reaction from shikimate to shikimate 3-phos-

phate. Considering this information, it is plausible to assume that the boost in chloram-

phenicol biosynthesis, in the absence of upregulation of its BGC, can be caused by the

increased pool of chorismate. Accumulation of tryptophan upon ethanol shock can be

caused by a reduced uptake of this amino acid from the medium, counteracted by an

increased chorismate pool and overexpression of tryptophan biosynthesis genes to satisfy

cellular demand for this amino acid. In the tryptophan pathway, 2 genes were found to

be upregulated, namely, RS08410 (encoding phosphoribosyl anthranilate isomerase) at

18 h and RS08355 (encoding indole-3-glycerol phosphate synthase), at 24 h.

To have an indication of what the changes in the transcriptome might mean for the

general cellular metabolism, we carried out a gene set enrichment analysis on several pre-

dicted pathways affected by ethanol shock (Fig. 9). The differentially expressed genes for

each time point were used to generate a list of pathways up- or downregulated after the

FIG 8 Visualization of the fatty acid oxidation pathway according to MetaCyc (FAO-PWY). S. venezuelae genes encoding enzymes involved in the pathways

and their expression patterns at 3 time points after ethanol shock are shown. Genes are colored by their status of differential gene expression, namely,

orange for higher expression and blue for lower expression.
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ethanol shock. The number of enriched pathways ranges from 10 to 7. Across all time

points, 2-oxo acid dehydrogenase complexes and amino acid metabolism pathways were

upregulated (Fig. 9B, D, F). The only class of pathway enriched in downregulated genes

across all samples was aerobic respiration (Fig. 9A, C, E). At 18 h, also the glutamine biosyn-

thesis, ammonia assimilation, and nitrate reduction pathways were downregulated. The

FIG 9 Enriched pathways in differentially expressed genes. Show pathways enriched in downregulated genes (A, C, E) and in upregulated genes (B, D, F),

for 18 h, 24 h, and 48 h after ethanol shock. Only pathways with an adjusted P value (Benjamini-Hochberg correction) below 0.05 are shown.
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related pathways for hydroxamate siderophores biosynthesis (bisucaberin and desferriox-

amine) were downregulated at 24 h. Lastly, the protein Pupylation and dePupylation path-

ways were enriched at 18 h and 48 h, respectively. Notably, all genes involved in protein

Pupylation and dePupylation (Pup: Prokaryotic Ubiquitin-like Protein) were statistically

significantly downregulated at all three time points. That this pathway, containing only

three genes, does not show up at 24 h is due to the higher number of genes being

downregulated at this time point, leading to it not reaching the P value threshold for the

enrichment. Protein Pupylation has been shown to be vital to oxidative stress response

in Streptomyces coelicolor, while the proteasome was not (45, 46), and a pup deletion

mutant was demonstrated to produce substantially smaller amounts of two pigmented

antibiotics (46).

In conclusion, in this study, we demonstrated a complex response of S. venezuelae

NRRL B-65442 to ethanol shock, including massive changes in the transcriptome which

are reflected in the metabolome. We hypothesize that these changes are due to the altera-

tions in the membrane via stress response mechanisms aimed at counteracting the mem-

brane fluidization caused by ethanol. New insights in the stress response in Streptomyces

bacteria, especially in connection with the secondary metabolite biosynthesis, will help to

design new strategies for the metabolic engineering of these industrially important bacte-

ria aimed at increasing the production of medically and agriculturally important natural

products.

MATERIALS ANDMETHODS

Growth conditions, fermentation, and ethanol shock. Streptomyces venezuelae NRRL B-65442 was

grown on ISP4 agar medium (Difco) at 28°C. Seeding cultures for fermentations were prepared by inocu-

lation of 10 mL of a spore suspension in 10 mL of liquid TSB medium (Ovoid) and incubation in 150-mL

Erlenmeyer flasks for 16 h at 28°C with shaking (220 rpm/min). Next, 2.5 mL (10% vol/vol) of seed culture

was used to start a 25-mL fermentation in MYM medium, containing 2.1 g/L MOPS (Sigma). Ethanol

shock was performed after 7 h of cultivation by adding 1.5 mL (6% vol/vol) of absolute ethanol or

1.5 mL distilled sterile water (control) to the cultures. After ethanol shock, the fermentations continued

for 18, 24, and 48 h. All the fermentations were performed in triplets.

Preparation of samples for RNA-seq. The fermentations were stopped after 18, 24, and 48 h. Next,

1.5-mL samples were immediately taken from each culture and transferred in sterile RNase-free tubes

containing 3 mL of RNAprotect bacterial reagent (Qiagen, Germany). The samples were vortexed for

10 sec, rested on a table for 5 min, transferred into 2.5-mL sterile RNase-free Eppendorf tubes and centri-

fuged for 12 min at 4,000 rpm and 4°C. Supernatants were removed and cells were frozen immediately

at 80°C. One tube with the cells per sample was taken for RNA-seq analysis.

Preparation of extracts for LC-MS. After sampling for RNA-seq, the remaining cultures were freeze-

dried and stored at 220°C until extraction. A total of 25 mL of methanol as added to the freeze-dried

cultures and incubated for 60 min at a rotary shaker at 200 rpm. The mixtures were centrifuged for

10 min at 12,000 rpm, and the supernatants were transferred to new flasks. The methanol was removed

using Rotavapor, and the dry residue was resuspended in 1 mL of methanol. A total of 100 mL of the

extracts was used for the LC-MS analyses.

LC-MS analyses and data interpretation. LC-MS analyses of the obtained extracts were performed

on a Vanquish Horizon ultra-high-performance liquid chromatography (UHPLC) system (Thermo Fisher

Scientific) coupled to the electrospray ionization (ESI) source of an LTQ Orbitrap Velos mass spectrome-

ter (Thermo Fisher Scientific). Separation was carried out on an Acclaim 120 C18, 2.1- by 150-mm, 3-mm

high-performance liquid chromatography (HPLC) column (Thermo Fisher Scientific) using water and ace-

tonitrile, both modified with 0.1% formic acid, as mobile phase A and B, respectively. The sample com-

ponents were separated and eluted with a linear gradient from 5% to 95% B for 45 min followed by an

isocratic column cleaning (9.5 min at 95% B) and re-equilibration step (10 min at 5% B). The flow rate

was 0.45 mL/min, and the column oven temperature was set to 25°C.

High-resolution ESI-MS spectra were recorded in positive ion mode with a Fourier-transform (FT) re-

solution of 60,000. High- or low-resolution ESI-MS/MS spectra of the three most intense precursor ions

in each MS1 spectrum were obtained in automated data-dependent acquisition mode using helium as

the collision gas and the following settings: activation type, CID; isolation width, Dm/z = 3; normalized

collision energy of 35.0; activation Q, 0.250; and activation time, 30 ms. For selected samples, negative

ion mode data were recorded in addition to assist with the dereplication.

The sum formulas of the detected ions were determined using Thermo Xcalibur 4.1.31.9 Qual Browser

based on the mass accuracy (Dm/z,#5 ppm) and isotopic pattern. Dereplication was accomplished with the

aid of GNPS Library Search (47), the Dictionary of Natural Products 30.2 (CRC Press, Taylor & Francis Group),

and CAS SciFinder (American Chemical Society). MZmine 2 was used for untargeted and Skyline 21.1.0.146

for the more accurate targeted comparison of the peak intensities between different samples or groups of

samples (48, 49). The statistical differences between groups were evaluated using the two-way analysis of

variance (ANOVA) followed by the Šídák's multiple-comparison test (using Prism 9.4.1; GraphPad Software).
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Differential gene expression analysis. Prinseq-lite (50) v0.20.4 is used to filter the raw reads (parame-

ters: “trim_qual_right 28, min_len 75, min_qual_mean 25”). A public reference genome was retrieved from

RefSeq under accession NZ_CP018074.1 (Streptomyces venezuelae strain NRRL B-65442 genome), including

the annotation information downloaded in a separate gff3 file. BWA-MEM (51) v0.7.16a with default param-

eters was used to align the reads to the reference. Aligned reads were separated from unaligned reads

using SAMtools (52) sort (v1.15.1). From HTSeq (53) v2.0.1, the “htseq-count” function was used with the pa-

rameter “—nonunique=none” to count the aligned reads at each of the features in the gff3 reference file.

Unaligned reads were analyzed with Kraken2 (54) v2.1.2, using the standard 8GB Kraken 2 Database built in

2019 from the NCBI REFSEQ bacteria, archaea, and viral libraries and the GRCh38 human genome (https://

benlangmead.github.io/aws-indexes/k2) to explain their origin and check for contamination.

EdgeR (55) v3.36.0 and DESeq2 (56) v1.34.0 were used to predict differentially expressed genes. In

EdgeR, the “TMM” method was used to normalize the expression values, and a quasi-likelihood F-test

was performed to calculate P values. For DESeq2, the DESeq function was used with default parameters.

All genes were analyzed by each of the two tools individually and considered differentially expressed

with a fold change less than 20.6 or greater than 0.6 and a P value less than 0.05. The results were com-

bined by considering only consensus predictions as differentially expressed, and conflicting results were

deemed not differentially expressed.

Pathway analysis of biosynthetic gene clusters. Gapseq (57) was used to predict pathways and

build a draft metabolic network from the reference genome. The genes from the RefSeq annotation

were matched with genes predicted by gapseq via location. Genes without an exact location match

were matched via overlap; further inspection ensured unique mapping and an overlap of .95% in both

gapseq- and RefSeq-predicted genes.

Gene, reaction, and pathway associations were extracted from the generated draft metabolic net-

work. Some reactions predicted by gapseq were not included in its metabolic network formulation data-

base. Gene, reaction, and pathway associations for those genes were extracted from the reaction and

pathway prediction output files of gapseq. Selection criteria were had a “good_blast” label and a blast

bitscore of.200, similar to the parameters used in gapseq metabolic network creation.

The association of pathway identities (IDs) with biosynthetic gene clusters was performed by manual

inspection of predicted reactions and pathways of genes located in biosynthetic gene clusters. Further

reactions encoded by genes outside these clusters were found by searching for associations to the

selected pathway IDs. Visualization of pathways was done using the pathway information and represen-

tation of the MetaCyc database and website (58).

Data availability. All RNA-seq reads generated and used in this study were deposited in the NCBI

Sequence Read Archive under BioProject PRJNA888945.
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Abstract 

 

Background. Ethanol shock significantly affects expression of over 1200 genes in 
Streptomyces venezuelae NRRL B-65442, including those for secondary metabolite 
biosynthesis and a cryptic gene pepX encoding a 19-amino acid peptide with unknown 
function.  
Results. To establish a possible correlation between PepX peptide and secondary metabolism 
in S. venezuelae its gene was deleted, followed by analyses of the transcriptome and 
secondary metabolome of the mutant. Although the secondary metabolome of the pepX 
mutant was not affected very strongly, pepX deletion, similarly to ethanol shock, mostly led to 
downregulated expression of secondary metabolite biosynthesis gene clusters (BGCs). At the 
same time, there was a reverse correlation between the expression of certain extracytoplasmic 
function sigma factors (ECFs) and several BGCs. Individual deletions of three selected ECF-
coding genes conserved in Streptomyces that were upregulated upon both pepX deletion and 
ethanol shock had a profound positive effect on the expression of BGCs, which also correlated 
with overproduction of specific secondary metabolites. Deletion of one such ECF-coding gene 
in a marine sponge-derived Streptomyces sp. also significantly altered the secondary 
metabolite profile, thus confirming the role of this ECF in regulation of secondary 
metabolism.  
Conclusions. These findings pave the way to activation or upregulation of BGCs in 
Streptomyces bacteria harboring genes for ECFs homologous to those identified in this study, 
herby assisting in the discovery of novel bioactive secondary metabolites. 
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Background 

 
Most bacteria live in complex environments such as soils, marine sediments, plant and animal 
hosts, where they constantly encounter multiple stressors in the form of living competitors for 
nutritional sources, predators, as well as abiotic factors such as shifts in temperature, salinity, 
pH etc. To cope with these challenges, bacteria have developed several regulatory systems 
that respond to particular environmental cues and adequately change gene expression patterns 
with the aim to quickly adapt to the new situation. One of such response systems is 
represented by an array of extracytoplasmic function sigma factors (ECFs) and their cognate 
anti-sigma factors whose genes have been identified in all sequenced bacterial genomes (1). 
Sigma factors represent the essential parts of the RNA polymerase holoenzyme that bind 
promoter regions and recruit the rest of the enzyme subunits to the transcription start site. 

Unlike housekeeping sigma factors, such as 70, which recognize promoters of genes having 
fundamental roles in functioning of the bacterial cells (e.g. DNA replication, protein and cell 
wall syntheses, etc.), ECFs represent the most diverse group of sigma factors that ensure 
expression of genes whose products are only needed in particular circumstances. The 
specificity of ECFs is supported by their ability to recognize only the -10 and -35 promoter 
regions with rather invariable spacing, while housekeeping sigma factors require in addition 
an upstream and extended -10 regions to efficiently bind the promoter (2). Typically, ECFs 
are bound to anti-ECFs, which are often tethered to the bacterial membrane, and thus are 
unable to bind promoters. This ECF sequestration is relieved upon proteolytic digestion or 
conformational change of anti-ECFs that may be caused by e.g. proteases produced by other 
bacteria or environmental stress affecting membrane integrity. 
Bacteria of the genus Streptomyces are ubiquitous with regard to environments they dwell in, 
and have evolved a large number of ECF-anti-ECF pairs to deal with environmental cues. 
Genomes of Streptomyces bacteria usually encode over 50 sigma factors, most of them being 
ECFs, some of which are involved in regulation of secondary metabolism. Many secondary 
metabolites produced by Streptomyces are of medical importance, such as antibacterial, 
antifungal, antitumor and immunosuppressive agents (3). Insights into the correlation between 
environmental stress and secondary metabolite biosynthesis may yield new strategies for 
increasing the yields and production of novel compounds, whose cognate biosynthesis gene 
clusters (BGCs) are not expressed in standard conditions. ECFs can play different and 
complex roles in controlling secondary metabolite biosynthesis. Biosynthesis of 3-
formamidosalicylate, the starter unit for antimycin biosynthesis, is positively regulated by 
ECFAntA encoded within the antimycin BGC, which is antagonized by the ClpXP-protease 
system in Streptomyces albus S4 (4). On the contrary, Rebets et al. (5) have demonstrated that 
deletion of certain ECF-coding genes in Streptomyces lividans TK24 results in overproduction 
of the polyketide actinorhodin and the siderophore coelichelin (5). Although in the case of 
antimycin the dependence of gene expression on a specific sigma factor provides a 
straightforward explanation for the activator role of the ECFAntA, the positive effect of ECF 
gene deletions on secondary metabolism may involve several possible scenarios. For example, 
such ECFs may control the expression of negative regulators suppressing particular BGCs, or 
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they themselves compete for promoter regions of BGC-situated genes with housekeeping 
sigma factors, thereby preventing the latter from binding (6).     
In this work, we investigated the effects of several genes whose expression was affected by 
ethanol shock in Streptomyces venezuelae NRRL B-65442 by constructing deletion mutants 
and exploring their transcriptomes and secondary metabolomes. In particular, we identified 
three genes encoding ECF sigma factors conserved in Streptomyces bacteria, which 
differentially suppress expression of specific BGCs, and their individual deletions lead to 
significant increase in production of certain secondary metabolites. Similar results for at least 
one such ECF-coding gene were obtained for non-model marine sponge-derived Streptomyces 
sp. ADI96-15.    
 

Materials and methods 

 

Growth conditions, fermentations and ethanol shock  
Growth conditions for Streptomyces venezuelae NRRL B-65442 and deletion mutants were as 
described in Sekurova et al. (7).  All fermentations were performed in triplicates. Methanolic 
culture extracts were prepared according to Sekurova et al. (7)  
 

Construction of plasmids and deletion mutants 
Vector pSOK910. Suicide vector pSOK910 for introduction gene deletions into the 
streptomycetes chromosome via homologous recombination was constructed by ligation of 

synthetic part ermE*p-gusA (reporter gene for -glucoronidase under control of a strong 
constitutive promoter ermE*p) with 3kb HindIII-EcoRI fragment from pSOK201 (8). 
Vector pKNOCK. Suicide vector pKNOCK was used for deletion of gene Sig04314 from the 
chromosome of Streptomyces sp. ADI196-15. It was constructed by ligation of synthetic sfp 
gene (Bacillus subtilis phosphopantetheinyl transferase) with part of vector pPCV301 (Figure 
S1, Supplementary Information) cut with HindIII + XbaI, and containing reporter gene bpsA 
(encodes indigoidine synthetase and responsible for the production of blue pigment), aac(3)-
IV gene for apramycin resistance and RP4 origin for ss DNA transfer. 
pepX deletion mutant. The vector pPXD910 for pepX gene deletion was constructed by PCR 
amplification of flanking regions for pepX gene, using primers PEXDF1, PEXDR1 and 
PEXDF2, PEXDR2 (Table S1, Supplementary Information). Amplicon 1 was cut with 
EcoRI+XbaI, amplicon 2 - with BamHI+XbaI, and these fragments were ligated together with 
the vector pSOK910 cut with EcoRI+XbaI. The final construct pPXD910 was introduced into 
S. venezuelae via conjugation. The first crossover mutant went through 4 passages of growth 
in liquid TSB culture without antibiotic, and was plated for sporulation.  The spore suspension 

and its serial dilutions then have been prepared. 100 l of -6 dilution was plated on 10 ISP4 
+X-Gluc (5-bromo-4-chloro-3-indolyl-β-D-glucuronide cyclohexylammonium salt). After 
several days blue and white colonies appeared on the plates. White clones, which no longer 
harbor the reporter gene gusA (second crossover candidates), were selected. Genomic DNA 
form these clones were isolated and used as a template for PCR to confirm the deletion of 
pepX gene (primers PepXdel-F and PepXdel-R in the Table S1, Supplementary Information).  
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Construction of ECF sigma factors-encoding genes deletion mutants in S. venezuelae. The 
vectors pECF200, pECF300 and pECF501 for the deletion of ECF genes from S.venezuelae 
genome were constructed by PCR amplifications of flanking regions for corresponding genes, 
using primers ECF2delA-F and ECF2delA-R for flankA, and ECF2delB-F and ECF2delB-R 

for flank B for ECF200 deletion; primers ECF3delA-F, ECFdelA-R, ECF3delB-F and 
ECF3delB-R for ECF300 deletion, and ECF5delA-F, ECF5delA-R, ECF5delB-F and 
ECF5delB-R for ECF500 deletion (Table S1, Supplementary Information). All “A” amplicons 
were cut with PstI+XbaI, all “B” amplicons -with PstI+EcoRI. Cut fragments were ligated in 
pairs A+B into pSOK910 cut XbaI+EcoRI. The final constructs have been introduced into S.  

venezueale by conjuagation. First crossover mutant as a result of homologous recombination 
went through several rounds of growth in liquid TSB culture without antibiotic, and were 
plated for sporulation. Serial dilutions of spore suspension were prepared, and -5 dilution 
plated on 10 ISP4+X-Gluc. After several days white and blue colonies appeared on the plates, 
and genomic DNA from selected white colonies, as the candidates for second crossover 
mutants, have been extracted. The following PCR with primers ECF2_Fw and ECF2_Rv, 
ECF3_Fw and ECF3Rv, ECF5_Fw and ECF5Rv, were used to confirm the second crossover 
event in the ECF2, ECF3 and ECF5 mutant strains, respectively. 
 Construction of deletion mutant for ECF gene Sig04314 in Streptomyces sp. ADI 96-15. The 
vector for deletion of gene 04314 was constructed by PCR amplifications of regions flanking 
the gene, using primers Sig04314A-F, Sig04314A-R for A flank, and Sig04314B-F, 
Sig04314B-R for the B (see Table S1, Supplementary Information). Flank A was then cut 
with AgeI+PstI, flank B- with PstI+XbaI. Fragments A and B after enzyme restriction were 
ligated together with 7,3kb part from pKNOCK, digested by AgeI+XbaI. The final construct 
pSig04314 was introduced into the Streptomyces sp. ADI 96-15 by conjugation.  First 
crossover mutant passed several rounds of growth in liquid TSB cultures, and was plated for 
sporulation. The -5 dilution of spore suspension have been plated on 10 SFM plates. Colorless 
colonies were chosen as second crossover candidates. Their genomic DNA was extracted and 
used for PCR to confirm the deletion of the gene. Primers 04314delCheck-F and 
04314delCheck-R (see Table S1, Supplementary Information) have been used in these 
reactions. 
 

RNA sequencing  

Cultures grown in MYM medium for 18, 24 and 48 h past ethanol shock, or without one, were 
used to prepare samples for RNA sequencing according to Sekurova et al. (7). RNA isolation, 
preparation of cDNA and sequencing were performed at LGC Genomics (Germany). 
 

Differential gene expression and bioinformatics-based protein analyses  

Raw reads were cleaned with prinseq-lite v0.20.4 (9) using the following parameters: 
trim_qual_right 28, min_len 75, min_qual_mean 25. Cleaned reads are mapped to a reference 
genome of S. venezuelae NRRL B-65442 (NZ_CP018074.1) using BWA-MEM v0.7.16a (10) 
with default parameters. Aligned reads were filtered with SAMtools sort v1.15.1 (11) and 
used to calculate feature counts using htseq-count of HTSeq v2.0.1 (12) with parameter 
nonunique=none. Contamination was estimated using unaligned reads (filtered with 
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SAMtools) and Kraken2 v2.1.2 (13) with the standard 8GB Kraken 2 Database (built in 
2019). Calling of differential expression was performed by EdgeR v3.36.0 (14) (TMM 
normalization method and quasi-likelihood F-test) and DESeq2 v1.34.0 (15) (default 
parameters), considering only genes with absolute fold change greater than 0.6 and P-value 
less than 0.5 differentially expressed. The results of both methods were combined on 
consensus principle, with genes only being classified as differentially expressed, if both 
methods agree. 
Analysis of proteins for the presence of specific domains and transmembrane helices was 
carried out using online tools MOTIF Search (https://www.genome.jp/tools/motif/) and 
DeepTMHMM (https://dtu.biolib.com/DeepTMHMM), respectively. 
 

Pathway analysis for secondary and primary metabolism  

Gene function and pathway presence were predicted with gapseq v1.1 (16), based on the 
reference genome of S. venezuelae strain NRRL B-65442. Genes predicted by gapseq were 
matched with reference genome loci by location under the conditions of more than 95% 
sequence overlap and unique matching. Associations of genes to reactions and pathways were 
selected based on the following criteria: Either gene, reaction, pathway associations were 
present in the draft metabolic model generated by gapseq, or such associations had a blast 
bitscore greater than 200 and were assigned a “good_blast” label in the functional prediction 
step of gapseq. 
These gene-pathway associations were combined with their differential gene expression status 
to conduct gene set enrichment analysis. The analysis was performed with the GSEApy 
package and enrichr (17). 
  
LC-MS analyses and data interpretation  

The extracts from S. venezuelae NRRL B-65442 wild-type and mutants were analyzed by an 
untargeted LC-MS method with an LTQ Orbitrap Velos mass spectrometer (Thermo Fisher 
Scientific) exactly as described previously (7). The identification of the metabolites of interest 
is also reported in detail in Sekurova et al. (7). The targeted comparison of the peak intensities 
between different samples or groups of samples was performed with Skyline 21.1.0.146 (18). 
The statistical differences between groups were evaluated using either the two-way analysis of 
variance (ANOVA) followed by the Tukey's multiple comparisons test or the one-way 
ANOVA followed by the Dunnett's multiple comparisons test (using Prism 9.5.1; GraphPad 
Software).  
LC-MS analyses of the MeOH extracts from Streptomyces sp. ADI96-15 wild-type and 
knock-out strain cultures were performed on a Vanquish Horizon UHPLC system (Thermo 
Fisher Scientific) coupled to the ESI source of a timsTOF fleX mass spectrometer (Bruker 
Daltonics). Separation was carried out on an Acquity Premier HSS T3 column, 2.1 x 150 mm, 
1.8 µm (Waters) using water and acetonitrile/water 9:1, both modified with 0.1% formic acid, 
as mobile phase A and B, respectively. The sample components were separated and eluted 
with a gradient starting with a linear increase from 0% to 20% B in 10 min, followed by a 
linear increase from 20% to 100% B in 25 min, and finally an isocratic column cleaning (4 
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min at 100% B) and re-equilibration step (6 min at 0% B). The flow rate was 0.5 mL/min and 
the column oven temperature was set to 40 °C. 
High-resolution ESI-MS and MS/MS spectra were recorded in positive ion mode in the range 
of m/z 100-2500. CID spectra of the five most intense precursor ions in each MS1 spectrum 
were obtained in automated data-dependent acquisition mode using nitrogen as collision gas. 
The sum formulas of the detected ions were determined using Bruker Compass DataAnalysis 
5.3 based on the mass accuracy (Δm/z ≤ 5 ppm) and isotopic pattern matching (SmartFormula 
algorithm). Dereplication was accomplished with the aid of The Natural Products Atlas (19), 
GNPS Library Search (20), and CAS SciFinder (American Chemical Society). MZmine 3 was 
used for comparing peak intensities between different samples or groups of samples (21). The 
peak areas of the dereplicated compounds were determined using Skyline 23.1.0.268 (18) and 
the statistical differences between the Δsig04314 mutant and wild-type of Streptomyces sp. 
ADI96-15 was evaluated using an unpaired t test assuming Gaussian data distribution using 
Prism 10.0.3 (GraphPad Software). 
 

Results 

 
Effect of the small ribosomally synthesized peptide PepX on the metabolome and 

transcriptome of S. venezuelae. 
In our previous study focused on the effect that ethanol shock had on the transcriptome and 
secondary metabolome of Streptomyces venezuelae we identified a conserved 19-amino acid 
peptide PepX produced in copious amounts in normal conditions but drastically 
downregulated by ethanol shock (7). Since this effect correlated with both up- and 
downregulation of certain BGCs, we hypothesized that PepX might play a role in controlling 
secondary metabolism. To test this hypothesis, the pepX gene was deleted and the resulting 
mutant studied with respect to gene expression patterns and secondary metabolite biosynthesis 
with and without ethanol shock in comparison with the wild type strain. Only a few 

differences in the secondary metabolomes of the wild type strain and the pepX mutant could 
be detected (Figure 1). In particular, the pepX deletion mutant showed a significantly lower 
production of the closely related hydroxamate siderophores desferrioxamine B and 
legonoxamine A, while levels of foroxymithine, another hydroxamate siderophore, were not 
altered. This effect was observed at all three time points (18, 24 and 48 h), but only in the 

absence of ethanol shock, which largely depletes these compounds in both the pepX mutant 
and the wild type strains. Conversely, the concentrations of the 2-hydroxyphenylthiazoline 
congeners, such as thiazostatins A and B, were significantly higher after 48 h of cultivation of 

the pepX mutant in the absence of ethanol shock. Biosyntheses of all other identified 
secondary metabolites were either not affected or the biological variation in their production 
levels were too high to enable detection of a statistically significant influence of the pepX 
deletion. The same holds true for all other metabolites previously shown to be up- or 
downregulated by the ethanol shock, such as threonylcarbamoyladenosine or N-
phenylacetylglutamine, as well as for selected metabolites that were not affected by ethanol 
shock, such as diketopiperazines and biotin (7). Clearly, on the level of secondary metabolites, 
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the response to ethanol shock was nearly identical for the wild type strain and the pepX 
mutant, ruling out the possibility that PepX is a major mediator of this effect. 

With respect to the wild type S. venezuelae, the pepX mutant responded differently to the 
ethanol shock in terms of gene expression patterns. 417 genes were down- and 354 

upregulated by the ethanol shock in the pepX mutant at the 18 h time point post ethanol 
shock, while in the wild type strain these numbers were 431 and 679, respectively. It must be 
noted that the overlap between differentially expressed genes in the mutant and the wild type 
subjected to ethanol shock was significant, but not complete. The numbers of 

down/upregulated genes in the pepX mutant were 349/308 and 327/213 at 24 h and 48 h post 
ethanol shock, respectively, while the corresponding numbers for the wild type strain were 

496/579 and 308/305.  It is worth noting that in the case of the pepX mutant subjected to 
ethanol shock, the time-dependent decline in the number of downregulated genes was much 
steeper compared to the decline of upregulated genes.  It appears thus that the effect of ethanol 

shock on gene expression in the pepX mutant is milder relative to the wild type strain.  
The RNAseq-based transcriptomics also revealed a significant effect of pepX deletion on gene 
expression patterns even in the absence of ethanol shock. Compared to the wild type strain, 

224 genes were up- and 486 genes were downregulated in the pepX mutant at 18 h time 
point, changing to 215 up/332 down at 24 h and 90 up/129 down at 48 h. According to the 
transcriptome data for 18 hours, which revealed the most profound changes, genes within 7 
BGCs (including those for desferrioxamines, jadomycins and foroxymithins) were 
downregulated and genes in 3 BGCs (including those for watasemycins and chloramphenicol) 

were upregulated in the pepX mutant as compared to the wild type strain (Table 1). This 
largely fits the LC-MS data on cognate secondary metabolites, although the observed 
differences in the levels of L-digitoxosyl-phenanthroviridin (jadomycin precursor) and 
chloramphenicol did not reach a confidence level > 95% (Figure 1). This picture to a certain 
extent resembled the response of the wild type strain to ethanol shock (15 BGCs down- and 3 
upregulated). In particular, expression of genes for the biosynthesis of chloramphenicol 
(BGC9), desferrioxamine (BGC11), cryptic peptide-polyketide hybrid (BGC26), ladderane 
(BGC27) and foroxymithines (BGC33) was affected in the same way by the pepX deletion as 
by the ethanol shock in the wild type strain.  
Apart from the BGCs, we also analyzed the impact of the pepX deletion on the primary 
metabolism-related transcriptome. While most genes coding for enzymes in primary 
metabolism did not exhibit any significant change in expression, two pathways were strongly 
affected. In the arginine biosynthesis pathway, 3 and 4 genes were upregulated at the 18h and 
24h time points, respectively, under conditions without ethanol shock. Products of all these 
genes are involved in the conversion of glutamate to ornithine. After ethanol shock, 4, 5 and 4 
genes for enzymes of the glutamine biosynthesis pathway were found to be upregulated at 18 
h, 24 h and 48 h, respectively. In addition, gene set enrichment analysis identified two primary 
metabolism pathways as significantly enriched in the set of differentially expressed genes of 

the pepX mutant. These pathways are the pyridoxal 5’-phosphate (vitamin B6) biosynthesis 
and threonine degradation at 24 h and 48 h time points, respectively. 
 
pepX deletion and ethanol shock effects on the expression of ECF-coding genes. 
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Considering the partial overlap of the effects on secondary metabolism by the pepX deletion 
and ethanol shock, we considered the possibility that these may be manifested via ECF sigma 

factors. The expression patterns of sigma factor-encoding genes in the pepX mutant cultures 
at 18 h, 24 h and 48 h time points were examined. Compared to the wild type strain, which 
has 56 sigma factor-coding genes, 12 such genes (10 of those encoding ECFs) were 
differentially regulated in the pepX mutant (Table 2). Six of these genes, all of them encoding 
ECFs, were also affected in the wild type by the ethanol shock (7). At the 18 h time point, 5 
ECF-encoding genes and 2 genes for the housekeeping sigma factors were downregulated in 

the pepX mutant, while expression of only one ECF-coding gene was upregulated as 
compared to the wild type strain (Table 2). After 24 hour, 2 ECF-coding genes and one for the 
housekeeping sigma factor were downregulated, while 3 ECF-coding genes were upregulated 

in the pepX mutant. The effect of pepX deletion was much less pronounced after 48 hours, 
with none of the sigma factors-coding genes differentially expressed relative to the wild type.  
The genes located immediately next to the sigma factor genes affected by the pepX deletion 
were analyzed for potential to encode anti-sigma factors (ASFs) or other proteins known to 
control ECFs (1). ECF-encoding RS00060 gene is co-transcribed with RS00065, which codes 
for a 102 aa protein with one TM domain predicted by DeepTMHMM software (22). It seems 
thus plausible that this protein represents a membrane-embedded ASF of an unknown family. 
Putative transmembrane proteins that may be involved in the control of cognate ECFs were 
also identified for RS00830 and RS16265, while proteins with C2H2 zinc-finger domains 
known to sense redox potential and sequester ECFs (23) were found to be encoded next to 
RS18175, RS21030 and RS23885.  
 
Deletion of three ECF-encoding genes has profound differential effect on the primary 

metabolism and expression of S. venezuelae BGCs. 
Our previous data on the effect of ethanol shock on gene expression in the wild type strain (7) 
revealed three ECF-encoding genes, whose expression was upregulated at all three time 
points, namely RS15950, RS22785 and RS24280. Expression of two of these genes, RS15950 

and RS22785, was also upregulated in the pepX mutant without ethanol shock. Keeping in 
mind that most of the secondary metabolite BGCs in S. venezuelae were downregulated by 
either ethanol shock or pepX deletion (Table 1), we reasoned that these particular ECFs might 
be involved in suppressing particular secondary metabolite biosynthesis pathways.  
All three genes were individually deleted from the wild type strain, and the transcriptomes and 

targeted secondary metabolomes of the resulting mutants ECF200 (RS15950), ECF300 

(RS22785) and ECF500 (RS24280) were investigated. The heatmap showing gene 
expression patterns of the resulting mutants is shown in Figure 2. Deletion of the ECF-coding 
gene RS15950 caused downregulation of 1433 genes (including 12 genes for sigma factors) 
and upregulation of 1511 genes (including 13 genes for sigma factors). Deletion of the ECF-
coding gene RS22785 resulted in downregulation of 1309 genes (including 12 genes for sigma 
factors) and upregulation of 1433 genes (including 10 genes for sigma factors). Deletion of 
the ECF-coding gene RS24280 caused downregulation of 2187 genes (including 16 genes for 
sigma factors) and upregulation of 2366 genes (including 14 genes for sigma factors). The 
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sigma factor-coding genes differentially affected in at least one of the three mutants (44 out of 
total 56) are shown in Table 4. 
 
Effect of ECF gene deletions on the expression of genes involved in primary and 

secondary metabolism  

The deletion of the three ECF genes also had a massive impact on the gene expression related 
to enzymes in primary metabolism. Pathways for the biosynthesis of amino acids, as well as 
glycolysis, gluconeogenesis, fatty acid oxidation and the TCA cycle were investigated in 
detail (see Supplementary Information, Table S3). On average, the fraction of differentially 
expressed genes in the pathways was close to the genome-wide prevalence. However, the 
distribution of up and downregulated genes in the pathways was not random (chi-square test, 
ECF300: p-value = 0.0289, ECF200 and ECF500: p-value << 0,01). This is mainly due to the 
expression differences for genes involved in amino acid biosynthesis. In the ECF200 mutant 
more than 50% of genes were found to be upregulated in the pathways for arginine, 
asparagine, lysine, proline and serine biosyntheses, with only a single gene being 
downregulated in arginine biosynthesis. Conversely, in the case of the ECF500 mutant at least 
half of the genes in biosynthesis pathways for histidine, isoleucine, leucine, serine, threonine, 
tryptophane and valine were downregulated, with only one gene being upregulated in the 
tryptophane biosynthesis pathway. In addition, half of the genes in the pathways for glycine 
biosynthesis were upregulated, with none downregulated. The ECF300 mutant, however, had 
the fewest pathways with clear changes in the patterns of gene expression – only the alanine 
biosynthesis pathway is notable, with 2 genes being upregulated. 
Next, we examined the effect of the three ECF genes deletions on the expression of the S. 

venezuelae BGCs in comparison with the wild type strain (Table 4). BGC expression was 
considered upregulated when more than one biosynthetic gene from the cluster was 
upregulated, and none of the other genes were downregulated. A similar rule was applied for 
considering downregulation of BGCs. This type of analysis still left some ambiguity with 
regard to the functional effect of gene expression patterns changes since in several BGCs, 
especially in the ECF200 mutant, some genes were up- and some downregulated. More 
specifically, 11 out of 37 BGCs in the ECF200 mutant were up- and 6 downregulated, with no 
effect observed for 8 BGCs. In the ECF300 mutant 11 out of 37 BGCs were up- and 13 
downregulated, with no effect observed for 5 BGCs. The most profound effect on secondary 
metabolite biosynthesis genes expression was shown for the ECF500 mutant, where 14 BGCs 
out of 37 were up- and 8 downregulated, with no effect observed for only 2 BGCs. 
Expression of several BGCs was similarly affected by all three ECF gene deletions. In 
particular, in all three mutants expression of BGCs for geosmin, a cryptic lanthipeptide, a 
cryptic thiopeptide, flaviolin, 2-methylisoborneol and a cryptic non-ribosomally synthesized 
peptide was upregulated. Expression of four BGCs was downregulated in all three ECF 
mutants, namely those for desferrioxamine, a cryptic pyrrolnitrin-like compound, an 
alkylresorcinol and a cryptic terpenoid. Considering the eight sigma factor-encoding genes 
with similar changes in expression observed for all three mutants (Table 3), it is plausible that 
these regulate the expression of the abovementioned eleven BGCs either directly of via some 
kind of regulatory cascades. 
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The expression of the chloramphenicol BGC was a more complex case, as it includes both up- 
and down regulated genes in all three ECF gene deletion mutants. One of the genes 
downregulated in all mutants is the RS04425, which codes for a repressor protein. 
Interestingly, 6 and 7 genes encoding enzymes for the chloramphenicol biosynthesis are 
upregulated in ECF300 and ECF500 mutants, whereas only non-metabolic genes of this BGC 
are upregulated in the ECF200 mutant (Figure 3). 
Among the many genes differentially expressed in the three ECF gene deletion mutants, gene 
set enrichment analysis found three pathways to be enriched: ectoine, UMP and meso-
butanediol biosynthesis. All three pathways are enriched in both ECF200 and ECF300 
mutants, but none in ECF500.  
 

Secondary metabolite profiles of the three ECF-encoding gene deletion mutants. 

The profound effect of the three ECF gene deletions on the expression of the S. venezuelae 
BGCs was also measurable on the metabolome level (Figure 4). In agreement with the 
transcriptome data, a strong downregulation in the production of desferrioxamine B and 
legonoxamine A was observed. Conversely, higher concentrations of foroxymithine and 
particularly the gaburedins were found in the cultures of the mutants. While all the above-
mentioned secondary metabolites were detected in very similar levels in the ECF200 
(ΔRS15950), ECF300 (ΔRS22785) and ECF500 (ΔRS24280) mutants, a more diverse 
response was seen for the 2-hydroxyphenylthiazoline congeners, jadomycin-related 
angucyclines and chloramphenicol. Thiazostatin A and B and their C-methylated congeners 
watasemycin A and B, which are only found in very low amounts in the wild type, are very 
strongly upregulated in all three mutants, but the data indicate relatively lower conversion of 
thiazostatins to watasemycins in ECF300, pointing towards a relatively lower activity of the 
type B radical-SAM methylase homologue of sven0515 (24). However, the concentrations of 
these 2-hydroxyphenylthiazoline congeners show strong batch-to-batch variations, which limit 
the confidence in these observations. Even more interesting from a biotechnological 
perspective is the tremendous increase in levels of the antibiotic chloramphenicol (up to 1700 
fold, compared to the wild type) and the jadomycin-related angucycline L-digitoxosyl-
phenanthroviridin shown particularly upon RS22785 deletion in ECF300. Interestingly, the 
gene expression profile of the enzymes involved in jadomycin biosynthesis shows an 
opposing pattern, with the majority of genes significantly higher expressed in the ECF500 
mutant, but only a fraction of genes differentially expressed in the other two ECF mutants. 
The relevance of the effect on the concentration of L-digitoxosyl-phenanthroviridin is more 
difficult to evaluate since the baseline level in the wild-type shows strong fluctuations 
between batches and similar levels as in the ECF300 mutant were previously seen upon 
ethanol shock (Figure 1 and (7). However, the production of chloramphenicol in the ECF300 
and ECF500 mutants was much higher than we have ever seen in the wild type, and in the 
case of ECF300 even surpasses the effect of ethanol shock. For comparison, constant levels of 
the diketopiperazine Cyclo(Pro-Phe) were measured, while a moderate but significant effect 
of all three ECF gene deletions on the concentrations of threonylcarbamoyladenosine and 
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biotin were observed, indicating some wider alterations of the metabolism in line with the 
large number of up- and downregulated genes described above. 
  
Secondary metabolite profile of the sigma factor deletion mutant of Streptomyces sp. 

ADI96-15. 

The facts that deletions of the three selected ECF sigma factor genes had a profound effect on 
secondary metabolome of S. venezuelae, and these ECFs are conserved in Streptomyces 
prompted us to test whether similar results can be obtained in other Streptomyces. As a target 
gene for deletion, the RS24280 homologue (deleted in the ECF500 mutant of S. venezuelae) 
was chosen, since this mutation, according to the RNAseq data, led to upregulation of the 
largest number of BGCs in S. venezuelae. For this experiment, we selected Streptomyces sp. 
ADI96-15, which was isolated from a marine sponge Antho dichotoma collected in the 
Trondheim fjord (Norway) (25). Since extracts from this isolate did not display antimicrobial 
activities, the secondary metabolome of this ADI96-15 has not been investigated previously. 
Hence, the extracts from ADI96-15 culture grown in MYM medium were analyzed for the 
presence of known secondary metabolites. De-replication with LC-MS assisted by 
antiSMASH genome analysis led to the tentative identification of compounds derived from 
eight different BGCs. The most abundant congeners of each group were the hydroxamate 
siderophore desferrioxamine B, the cyclic octapeptide surugamide A (26), the γ-
aminobutyrate urea gaburedin B, the class III lanthipeptide SAL-2242 (27), the polyene 
macrolide candicidin D (28) and a compound with the sum formula C13H20O3 that is most 
likely a γ-butyrolactone (GBL) as judged by the high similarity of its MS/MS spectrum to 
those of known GBLs (Table S1). 
The homologue of the S. venezuelae gene encoding ECF500 (RS24280) was identified in the 
genome of ADI96-15 (GenBank accession number GCA_003846265.1) as 
str9615DRAFT_04314, later referred to as sig04314, its product showing 79% amino acid 
sequence identity to that of RS24280. sig04314 was deleted from the chromosome of 
Streptomyces sp. ADI96-15 (see Materials and methods), and the secondary metabolome of 
the resulting mutant compared to that of the wild-type strain. As expected, the deletion of the 
sig04314 gene in Streptomyces sp. ADI96-15 had a significant effect on the production of 
several secondary metabolites, thus confirming the role of this ECF in the regulation of 
natural product biosynthesis in this strain (Figure 5). In contrast to our observations with the 
three ECF deletion mutants of S. venezuelae NRRL B-65442, significantly higher amounts of 
desferrioxamine B were detected in the Δsig04314 strain, while no significant effect was seen 
on the gaburedin B level. The production of the lanthipeptide SAL-2242 and the presumed 
GBL were also upregulated, while the one of candicidin D was downregulated. However, 
overall, the impact of the sig04314 deletion was less pronounced than for any of the three 
ECF-coding gene deletions in S. venezuelae NRRL B-65442, which can be due to the 
cultivation conditions used.  
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Discussion 

 
Our previous study on the effect of ethanol shock on gene expression in S. venezuelae (7) 
revealed certain interesting facts that required further investigation. In particular, a correlation 
between downregulation of certain secondary metabolite BGCs and expression of a pepX gene 
encoding a small, hydrophobic cryptic peptide with the sequence N-formyl-
MNVITNLLAGVVHFLGWLV seemed intriguing. Although deletion of this gene had only 
modest effect on secondary metabolism, the overall gene expression pattern was markedly 

changed in the pepX mutant. Although deletion of this gene had only modest effect on 

secondary metabolism, overall gene expression pattern was markedly changed in the pepX 
mutant. Hence, pepX deletion appears to mimic the effect of ethanol shock to a certain extent, 
at least when it concerns particular secondary metabolite biosynthesis genes.  If we consider 
changes in the bacterial membrane caused by ethanol (29), this observation may indicate that 
PepX is membrane-bound and plays a certain role as its component. The fact that only traces 
of PepX could be identified in the culture supernatant of the wild type strain (data not shown) 
indirectly supports this suggestion. Since PepX does not appear to have any transmembrane 
helices, it may be associated with the membrane via an interacting protein partner, and its 
absence affects membrane topology and hence membrane-bound proteins that control certain 
ECFs. Such interacting partner(s) might be encoded by the neighboring genes RS03775 and 
RS03780 annotated as coding for an endolytic transglycosylase of the YceG family and an 
ABC transporter, respectively. Endolytic transglycosylase functions as a peptidoglycan 
terminase that cleaves nascent peptidoglycan strands to terminate their elongation (30). 
According to the prediction by DeepTMHMM and analysis by MOTIF Search online tool 
(https://www.genome.jp/tools/motif/), this protein has one N-terminal transmembrane domain 
with similarity to SLATT domain that has been implicated in cell signaling in bacteria (31). 
The RS03780-encoded ABC transporter, according to the prediction, has six transmembrane 
domains and thus must be associated with the membrane. Notably, a similar genetic context in 
terms of genes surrounding pepX homologues were identified in many Streptomyces, e.g. 
Streptomyces laurentii ATCC 31255, Streptomyces fradiae ATCC 10745 and Streptomyces 

coelicolor M1154. In the genome of the latter strain, the pepX homologue is not annotated, 
but was identified between genes RS14905 and RS14910 coding for an endolytic 
transglycosylase and an ABC transporter, respectively. We have found copious amounts of 
PepX homologue in the extracts of S. coelicolor M1154 cultures (data not shown), supporting 
the   suggestion that this small peptide must have a particular basic function in streptomycetes. 
Inverse correlation between the expression of three particular ECFs and certain BGCs in S. 

venezuelae prompted investigation into their roles in regulation of secondary metabolism by 
generating and analyzing deletion mutants. The high number of genes affected in all three 
mutants, in particular ECF500, is most likely due to a cascade-like effect because of the 
differential expression of other sigma factor-encoding genes (Table 2). Hence, the true 
regulons of the three ECFs studied was not possible to establish in this study. The data 
presented in Table 3 suggests that RS15950- and RS22785-encoded ECFs have rather similar 
regulons, at least with respect to sigma factor genes affected, since deletions of these ECF 
genes cause identical changes in the expression patterns of 17 such genes (8 up- and 9 
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downregulated) while having no effect on other 14. This notion is in part supported by the 
gene expression pattern of all differentially expressed genes shown in Figure 2. The situation 
is different for RS24280, since the deletion of this ECF-encoding gene has the same effect 
(up- or downregulation) on the expression of only 9 sigma factor genes as the deletion of 
RS15950 and RS22785. It seems likely that these 9 genes represent part of regulons of all 
three abovementioned ECFs. Overall, the deletion of RS24280 had the most significant effect 
in S. venezuelae, changing expression patterns for 4553 genes (over 63% of all genes in the 
genome) in the conditions tested.  
The activity of ECFs in bacteria is usually controlled by specific anti-sigma factors (ASFs), 
which are often tethered to the membrane and sequester ECFs via protein-protein interactions. 

Alternatively, ECF activity can be modulated by soluble ASFs. In the case of S. coelicolor, R 

is controlled by the soluble ASF RsrA that binds R and invokes a conformational change that 
prevents this ECF’s binding to cognate promoters (32). This interaction is broken by a change 
in redox conditions induced by environmental stimuli that prompt formation of a disulfide 

bridge on RsrA, resulting in R release. Out of three investigated ECFs of S. venezuelae, only 
RS24280 appears to have an ASF encoded by a downstream gene RS24281. This putative 
ASF is represented by a 105 amino acid protein predicted to contain a zinc-finger C2H2 
domain. Such a domain is known to be involved in redox sensing (23), hence supporting the 
role of this ASF similar to that of RsrA in S. coelicolor.  
How the ECF encoded by RS15950 is controlled is not that clear, since the latter gene is 
transcriptionally coupled to the downstream gene RS15955 specifying a 254-amino acid 
protein with no homology to known ASFs or any other characterized proteins. Immediately 
downstream RS15955 there are genes encoding a two-component system, which can be part 
of a control mechanism. A two-component response system encoded by genes immediately 
upstream of RS22785 and transcribed in opposite direction may also control the latter ECF. 

The ECF E, a major regulator of cell envelope stress in S. coelicolor, is controlled by a two-
component system (33), and it would be tempting to assume that ECFs responding to ethanol 
shock could play a similar role. The latter, however, remains an open question, since no 

appreciable homology (< 30%) could be found between the amino acid sequences of E and 
the three ECFs characterized in this study.  
For a long time it has been assumed that sigma factors in general play a strictly positive 
regulatory role, as they are required components of a transcriptional complex essential for 
promoter recognition, formation of an open complex and promoter clearance. Recent studies, 
however, challenge this paradigm, suggesting that ECFs can play both positive and negative 
roles in controlling gene expression, especially in Streptomyces bacteria. Rebets et al. (5) 
reported deletion of several sigma factor-encoding genes in Streptomyces lividans TK24, with 
some of the deletions apparently causing activation of silent BGCs for actinorhodin and 

undecylprodigiosin in this strain. New investigation on the regulatory role of the E ECF in S. 

coelicolor firmly established its role as both positive and negative regulator (34), albeit 
whether the observed effects were direct or the results of a cascade-like regulation has not 
been studied. Our own data showing that deletion of the three ECF-encoding genes in S. 

venezuelae positively affects expression of particular BGCs strongly supports the differential 
negative regulatory roles of these ECFs in secondary metabolism. 
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The fact that deletion of RS24280 had a positive effect on the expression of the majority of 
BGCs prompted us to test whether this effect can be mimicked by a deletion of a homologous 
ECF-encoding gene in another Streptomyces. We have chosen the marine sponge-derived 
Streptomyces sp. ADI96-15 because it is a natural isolate and a non-model strain with no 
previous record on its secondary metabolome. Deletion of the RS24280 homologue in this 
strain indeed had a significant effect on secondary metabolism, affecting at least 4 
biosynthetic pathways for molecules that could be identified using LC-MS-based analytics. 
Notably, the effect of this deletion on desferrioxamine biosynthesis was opposite to that 
observed in S. venezuelae, suggesting a difference in regulation of this pathway in two 
Streptomyces strains. Taking these data into account, it appears that deletions of RS24280 
homologues in Streptomyces spp. will deregulate secondary metabolism, while it is not 
possible to predict whether the effect on certain pathways will be positive or negative. This 
ambivalent effect seems logical, considering that differences in regulation of secondary 
metabolite biosynthesis pathways reflect exposure of particular strains to specific 
environmental cues. The three ECFs, identified in this study as being heavily involved in 
regulation of secondary metabolism are conserved in hundreds of Streptomyces spp. The latter 
suggests that their deletions can be used as a tool to deregulate biosynthetic pathways, hereby 
eventually prompting discovery of new molecules with drug development potential or 
optimizing Streptomyces strains for improved secondary metabolite yield. 
 

Conclusion 

Streptomyces bacteria are a valuable source of bioactive secondary metabolites, but often the 
genes involved in their biosynthesis are transcriptionally silent in the laboratory conditions, 
preventing the discovery of novel molecules. Also, yields of known valuable secondary 
metabolites can be low, making their industrial production very challenging. In this work, we 
identified three sigma factors that are conserved in streptomycetes, which suppress secondary 
metabolism in these bacteria. Individual deletions of the genes encoding these sigma factors 
resulted in differential upregulation of secondary metabolite biosynthesis genes and 
overproduction (up to 1700 fold) of certain cognate molecules. Hence, deletion of 
homologous genes in various Streptomyces bacteria may provide a new effective tool for 
genome mining aimed at the discovery of new compounds, as well as for the increased 
production of known valuable metabolites.   
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Table 1. Comparison of the effects the pepX deletion and ethanol shock had on the BGC 
expression in S. venezuelae.   

 

  

Type Putative product Genes Transcriptome pepX Transcriptome WT+EtOH

ectoine ectoine/betaine RS01090-01095 none down

terpene geosmin RS01290 none down

pks/nrps venemycin RS02305-02380 none none

nrps watasemycins & cogeners/shunt products RS02405-02475 up none

lantipeptide core peptides:  ADhaIDVPYDhbDhbGDhbIDhbVC RS02610-02620 none none

terpene terpenoid RS02650-02655 none down

lantipeptide venezuelin RS02970-02980 none none

indole arcyriaflavin RS03645-03670 none none

nrps chloramphenicol RS04425-04505 up up

cdps cyclic dipeptide RS09190-09195 none none

siderophore  desferrioxamine RS12675-12690 down down

lasso peptide core peptide: GDAAELTQGQGGGQSEDKRRAYNC RS15430-15450 none none

nrps peptide RS20250-20325 none none

other gaburedins RS20785-20795 none down

butyrolactone butyrolactone RS20800-20805 down none

melanin melanin? RS23170-23175 none none

butyrolactone butyrolactone RS25385 none none

other pyrrolnitrin-like RS25415-25435 none none

thiopeptide core peptide: SSGSIGTSSSSSSTCSAC RS25565-25620 up down

pks3 flaviolin RS26780 none none

siderophore siderophore RS27055-27060 none none

siderophore legonoxamines RS27330-27345 none down

bacteriocin bacteriocin RS29140 none none

pks2 jadomycin & congeners/precursors RS29740-29955 down up

nrps peptide RS30590-30630 none up

pks2-nrps peptide-polyketide hybrid RS30820-30995 down down

ladderane ladderane RS31000-31150 down down

nrps terpapeptide (x-Phe-X-Gly?) RS31155-31260 none down

terpene hopanoids RS32065-32140 none down

bacteriocin bacteriocin RS32515 none none

pks2 spore pigment RS33815-33860 none down

melanin melanin RS34060-34065 down none

nrps foroxymithines RS35125-35150 down down

terpene 2-methylisoborneol RS35405-35410 none down

pks3 alkylresorcinol RS36050-36065 none down

terpene terpenoid RS36960 none none

nrps peptide RS37045 none down
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Table 2. Expression of S. venezuelae  factors affected by the deletion of the pepX gene relative 

to the wild type strain. Cells representing genes that encode ECFs are shaded in grey.  

 

Gene 18 h 24 h 48 h  domains 

RS00060 - Up - r2, r4 

RS00830 Down - - r2, r4 

RS01725 Down - - r2, r3, r4 

RS15950 - Up - r2, r4 

RS16265 Up - - r2, r4 

RS17230 - Up - r2, r4, SnoaL 

RS18175 Down Down - r2, r3, r4 

RS18620 Down Down - r2, r4 

RS21030 Down Down - r2, r4 

RS22785 - Up - r2, r4 

RS23885 Down - - r2, r4 

RS34660 Down - - r2, r4 
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Table 3. Differential effect of ECF gene deletions on the expression of other sigma factor-

encoding genes in S. venezuelae. Only genes affected in at least one of the mutants are shown. 

Sigma factor-

encoding gene 

Sigma factor 

domains 
RS15950 RS22785 RS24280 

RS00270 r2, r4 NA NA up 

RS00630 r2, r4, SnoaL down down NA 

RS00830 r2, r4 NA NA up 

RS01100 r2, r3, r4 up up down 

RS01725 r2, r3, r4 up up down 

RS01895 r2, r4 NA NA up 

RS02075 r2, CAP NA NA up 

RS02270 r2, r3, r4 NA NA up 

RS03595 r2, r4, DUF6596 NA down down 

RS04145 r2, r4, SnoaL down down NA 

RS04775 r2, r4 down down NA 

RS05705 r2, r4 NA NA down 

RS11135 r1, r2, r3, r4 up NA NA 

RS13895 r2, r3, r4 down down down 

RS14430 r2, r4 down NA NA 

RS15140 r1, r2, r3, r4 down down down 

RS15760 r2, r4 up up up 

RS15920 r4, BACON up up up 

RS15950 r2, r4 deleted up NA 

RS16265 r2, r4 NA up down 

RS16340 r2, r4 down NA NA 

RS16715 r2, r4 up NA NA 

RS17230 r2, r4, SnoaL up up up 
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RS17255 r2, r4, SnoaL down down down 

RS18175 r2, r3, r4 down down down 

RS18620 r2, r4 NA down up 

RS18755 r2, r3, r4 up NA down 

RS18935 r2, r4, SnoaL NA NA up 

RS19240 r2, r4, NPCBM NA NA up 

RS21030 r2, r4 up NA NA 

RS22475 r2, r4 NA down NA 

RS22610 r2, r4 up up NA 

RS22720 r2, r4, SnoaL up NA NA 

RS22785 r2, r4 down deleted down 

RS23885 r2, r4 down down down 

RS24280 r2, r4 NA NA deleted 

RS24470 r2, r3, r4 up up down 

RS24785 r2, r4 up up up 

RS26440 r2, r3, r4 NA NA down 

RS27450 r1, r2, r3, r4 NA NA down 

RS32930 r2, r4 NA NA down 

RS33970 r2, r4 NA NA up 

RS34660 r2, r4 down down NA 

RS35505 r2, r4, phage int NA NA up 

 

NA – not affected.
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Figure legends 

  
Figure 1. Effect of pepX deletion and ethanol shock on the production of secondary 
metabolites and the relative concentration of other identified compounds in MYM cultures of 
S. venezuelae NRRL B-65442 after 18 h, 24 h, and 48 h of cultivation. After 7 h of 
cultivation, either 6% (v/v) of absolute ethanol (red and yellow bars) or distilled sterile water 
(blue and green bars) was added. Each bar represents the average of three independent 
experiments (n = 3). The error bars represent the standard deviation. The statistical differences 
between groups were evaluated using two-way ANOVA followed by Tukey’s multiple-
comparison test (****, P < 0.0001; ***, P < 0.001; **, P < 0.01; *, P < 0.05). 
 
Figure 2. Comparison of differentially expressed genes among ECF mutants. The sample 
names show the genotype (wild type, ECF200, ECF300, ECF500) and the biological replicate 
(1-3). Each cell in the heatmap corresponds to a gene in a given sample. The cells are colored 
with respect to gene expression, normalized within each sample to the overall expression and 
converted to a z-score based on mean and standard deviation across all samples. The order of 
the genes was determined by clustering, based on the z-score values. 
 
Figure 3. The chloramphenicol biosynthesis pathway visualized according to MetaCyc (35) 
(PWY-8032) and its gene expression in ECF deletion mutants. For each gene encoding an 
enzyme of this pathway the differential expression status is shown for the ECF200, ECF300 
and ECF500 deletion mutants. Higher and lower differential expression is denoted as up and 
down in the table and color-coded with orange and blue respectively. For one step of the 
pathway, the conversion of 3-(4-aminophenyl)pyruvate to 4-amino-L-phenylalanine, no gene 
could be identified, marked here with a question mark. 
 
Figure 4. Effect of three ECF gene deletions on the production of secondary metabolites and 
the relative concentration of other identified compounds in MYM cultures of S. venezuelae 
NRRL B-65442 after 72 h of cultivation. Each bar represents the average of three independent 
experiments (n = 3). The error bars represent the standard deviation. The statistical differences 
to the wild type were evaluated using one-way ANOVA followed by Dunnett's multiple-
comparison test (****, P < 0.0001; ***, P < 0.001; **, P < 0.01; *, P < 0.05). 
 
Figure 5. Effect of the RS24280-homologue deletion (Δsig04314) on the production of 
secondary metabolites and the relative concentration of other identified compounds in MYM 
cultures of Streptomyces sp. ADI96-15 after 7 d of cultivation. Each bar represents the 
average of three independent experiments (n = 3). The error bars represent the standard 
deviation. The statistical differences to the wild type were evaluated using an unpaired t test 
(**, P < 0.01; *, P < 0.05). 
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Figure 1. 
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Figure 3. 
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Figure 4. 
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Figure 5. 
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PyCoMo: a python package for community metabolic 

model creation and analysis
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Associate Editor: Janet Kelso

Abstract 
Summary: PyCoMo is a python package for quick and easy generation of genome-scale compartmentalized community metabolic models that 
are compliant with current openCOBRA 昀椀le formats. The resulting models can be used to predict (i) the maximum growth rate at a given 
abundance pro昀椀le, (ii) the feasible community compositions at a given growth rate, and (iii) all exchange metabolites and cross-feeding 
interactions in a community metabolic model independent of the abundance pro昀椀le; we demonstrate PyCoMo’s capability by analysing 
methane production in a previously published simpli昀椀ed biogas community metabolic model.
Availability and implementation: PyCoMo is freely available under an MIT licence at http://github.com/univieCUBE/PyCoMo, the Python 
Package Index, and Zenodo.

1 Introduction

Cross-feeding interactions are crucial for community forma-
tion and function. Predicting these interactions is an open 
challenge, with much development in the field of metabolic 
modelling (Heinken et al. 2021). It has expanded in the direc-
tion of microbial communities, with research being done on 
simple, cultured communities up to personalized models of 
the human gut microbiome (Diener et al. 2020, Ibrahim et al. 
2021, Saa et al. 2022).

Metabolic modelling on the level of communities allows in-
vestigating questions that can only be stated in the context of 
communities, such as which interactions can occur within 
them. Different approaches have been developed to model 
communities of metabolic models: individual modelling of 
the members with iterative cross-talk via metabolite availabil-
ity, lumped models representing the collective enzymatic ca-
pabilities of a community without cellular borders, and 
compartmentalized metabolic models, which place each 
member model in a separate compartment and add a shared 
exchange compartment for interaction (Perez-Garcia et al. 
2016). While resulting in the largest and most complex mod-
els, the compartmentalized approach allows direct modelling 
of inter-species interactions such as cross-feeding.

The creation of compartmentalized community metabolic 
models includes many technical obstacles, such as matching the 
namespace of exchange metabolites, creating a community bio-
mass function and preserving the attribution of metabolites and 

reactions to the community members within the model. All 
these tasks can be automated when all necessary information is 
present, as shown in Commmodelpy by Bekiaris and Klamt 
(2021). Yet, the models generated by the current version (0.0.3) 
of Commmodelpy face several issues that hinder their reusabil-
ity for further analyses and curation: the information which 
member a gene or compartment belongs to is not automatically 
retained, the flux bounds are changed due to normalization, 
and the abundance composition cannot be changed without re-
running the merging procedure.

While standard formats for single organism metabolic models 
like SBML (Keating et al. 2020) have emerged and been widely 
adopted, no standard format for community metabolic models 
has been established yet. This not only poses a challenge for the 
compatibility and reuse of community metabolic models, but 
can also lead to a loss of information in the community model 
representation, as is the case for Commmodelpy. Apart from 
retaining information, the abundances of community members 
and any changes to the original flux bounds need to be docu-
mented as well for the model to be reusable.

Here, we present PyCoMo, a python package for automated 
generation of compartmentalized community metabolic models. 
The generated models are suited for reuse and continuous im-
provement, as all information of the single organisms, as well as 
all community information, is stored in a format complying to 
existing standards. PyCoMo allows the quick calculation of the 
set of potential metabolite exchanges and resulting interactions 
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across the entire community composition space, with a single 

flux variability analysis (FVA) run. We show an example of 
these functionalities by replicating the analysis of a previously 

published three species biogas community (Koch et al. 2019).

2 Description

PyCoMo is implemented in Python 3 and utilizes COBRApy 
(Ebrahim et al. 2013) for model input and output, as well as for 

fundamental structure and analysis methods. Three types of 
functionality for community metabolic modelling are imple-
mented: (i) the preparation of the single organism models before 

merging into a community metabolic model, (ii) the generation 
of the community metabolic model in a structured format, and 

(iii) the contextualization and analysis of the community meta-
bolic model (Fig. 1A). The resulting community model can then 

be used to predict the maximal community growth rate (at a 
given composition) or all feasible community compositions (at a 

given community growth rate).
The input for PyCoMo are the metabolic models of the com-

munity members, in any of the file formats supported by 
COBRApy (SBML, MATLAB, JSON, and YAML). The 

imported member models are prepared for merging, by prefix-
ing all individual organism objects’ (i.e. gene products, species, 

reactions, etc.) IDs with the name of the member they belong 
to. Further, a separate “medium compartment” is added, which 

will allow metabolite exchange between organisms as well as 
the environment. Existing boundary reactions are converted 
into (internal) reactions transporting metabolites from the 
organisms’ compartments to the medium compartment, and 
new boundary reactions are set for the medium compartment. 
Additionally, consistency checks and corrections for compliance 
with the SBML format (Keating et al. 2020) are performed.

Boundary metabolites of all members need to be matched in 
the medium compartment. PyCoMo resolves the matching 
either by ID, or by annotation. When matching by name, all 
metabolites with the same SBML ID are matched. Matching by 
annotation utilizes the information of database cross- 
referencing in the metabolite annotations. Such annotations are 
available to varying extent in all automatically generated 
metabolic models. The user can select a database to match all 
metabolites in the medium compartment with a reference to the 
same metabolite in the specified database. To avoid inconsistent 
matches, this process will only be followed through if all bound-
ary metabolites map uniquely to the annotation database, other-
wise PyCoMo stops and informs the user to use a different 
database or match the metabolites via names.

In a second step a community metabolic model object is 
created, using the prepared models as input. Here, all compo-
nents of the models are merged. Metabolites, reactions, 
compartments and genes remain affiliated to their origin, due 
to the name change in the preparation.

Figure 1. Summary of PyCoMo. (A) Overview of the automated steps in compartmentalized community metabolic model creation and the available 
analysis. All components of the 昀椀nal model can be traced back to their community member of origin. The community metabolic models can be saved and 
loaded into SBML format while retaining the original 昀氀ux bounds, making the models reusable. Mass and charge balance of the entire model is checked, 
including all external metabolites matched between community members. The community metabolic model structure can be set to 昀椀xed growth or 昀椀xed 
abundance. All functionalities are available via a command-line interface. (B) Feasible compositions at different community growth rates in a three 
species biogas community (Koch et al. 2019). DV, Desulfovibrio vulgaris; MH, Methanospirillum hungatei; MB, Methanosarcina barkeri. The medium is 
speci昀椀ed to contain ethanol and CO2, with ethanol being the substrate for Desulfovibrio vulgaris, which produces the substrates for the other community 
members. (C) Visualization of the community metabolic model and its cross-feeding interactions using ScyNet. The metabolite exchanges were 
calculated independently of the community composition and growth rate. Arrow colours denote feasible metabolite production (orange), uptake (green) 
or both (violet) by the communities’ members.

2                                                                                                                                                                                                                                       Predl et al. 
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Solving a community metabolic model leads to a nonlinear 
problem by default, due to the bilinear dependence of the com-
munity growth rate on the community abundance profile, and 
the growth rate of the individual members (Koch et al. 2019). 
To linearize the model, one can either hold the growth rate or 
the community member fraction constant by constraining the 
corresponding reactions (see Supplementary Material).

Typically, the fluxes in metabolic models are normalized to 
the (dry) mass of the system. In the context of microbial com-
munities, this system mass represents the total dry mass of 
the community. Consequently, when consolidating multiple 
models, all cell-specific fluxes, including their corresponding 
bounds, need to be re-scaled to match the total community 
mass. This can be efficiently achieved by multiplying the cell- 
specific fluxes (alongside their bounds) by the mass fraction 
of the specific member in the community (Koch et al. 2019). 
However, when dealing with variable abundance profiles, 
flux bounds become dynamic, a characteristic not accommo-
dated by the current SBML standard (level 3, Flux Balance 
Constraints Version 2 Release 2) (Olivier and Bergmann 
2018). To address this, we convert each genome-scale meta-
bolic model into an equivalent bound-free form, where flux 
bounds are represented as stoichiometric coefficients for 
newly introduced dummy metabolites. These metabolites are 
both produced and consumed by additional reactions, with 
their fluxes corresponding to the respective member’s mass 
fraction within the community (refer to Supplementary 
Material for details). This approach aligns with current 
standards, ensuring seamless interchangeability among vari-
ous openCOBRA tools.

The result of the merging and these additional steps is always 
a COBRApy model object, allowing the large environment of 
methods available to be utilized. On top of the COBRApy 
analysis methods, PyCoMo includes the functionality to calcu-
late cross-feeding interactions in the community metabolic 
model. As community metabolic models have the additional pa-
rameter of community composition, typical steady-state, con-
straint-based modelling either only represents a single state of 
the community, or is computationally intensive, as it needs to 
account for the whole space of abundance combinations. By set-
ting the model structure to variable community composition, 
but also removing the constraint of equal growth rate among 
the community members, FVA of the members’ exchange reac-
tions calculates the possible ranges of all metabolite exchanges 
and cross-feeding interactions. The resulting flux ranges may in-
clude cross-feeding interactions not feasible under balanced 
(community) growth if the production of metabolites is coupled 
to biomass production.

Community metabolic models generated by PyCoMo can 
easily be exported and transferred, as all the included export 
functionalities of COBRApy can be applied, and SBML for-
mat requirements are checked. PyCoMo was tested to work 
with input models of different origins [AGORA (Heinken 
et al. 2023), BIGG (King et al. 2016), CarveMe (Machado 
et al. 2018), PathwayTools (Karp et al. 2021), gapseq 
(Zimmermann et al. 2021)], although any model that can be 
imported using COBRApy will work. Further, community 
metabolic models generated by PyCoMo can be easily visual-
ized using ScyNet (github.com/univieCUBE/ScyNet, manu-
script submitted; see Fig. 1C), as all format requirements 
are fulfilled.

PyCoMo contains a command line interface, allowing to 
directly generate community metabolic models, reading all 

member models from file and writing the resulting commu-
nity metabolic model to file. All functionalities described 
above are available within the command line interface and 
thus facilitate an easy integration into existing workflows.

3 Results

As an example of a possible workflow, we have analysed a 
simplified biogas community of three species, aiming to con-
struct a community metabolic model and compare all poten-
tial cross-feeding interactions to literature knowledge (Koch 
et al. 2019). The community consists of Desulfovibrio vulga-
ris, Methanospirillum hungatei and Methanosarcina barkeri, 
each representing a functional guild in the metabolic model. 
The members of the community are known to be actively 
cross-feeding, producing methane from ethanol or lactate, via 
the intermediary metabolites acetate, formate, H2 and CO2 

(Koch et al. 2016). The models of the species members have 
been previously generated by Koch et al. (2019).

A community metabolic model is generated with PyCoMo 
following the workflow depicted in Fig. 1A. The input models 
are loaded from SBML files and the exchange metabolites are 
matched via identical IDs. The medium is set to contain ethanol 
and CO2, as specified by Koch et al. (2019). The potential 
exchange metabolites and cross-feeding interactions were calcu-
lated. The result (Fig. 1B) shows that cross-feeding can occur 
via acetate, H2, CO2, and formate. For a clear representation of 
the interaction structure in the community, the community 
metabolic model and its cross-feeding interactions is visualized 
with ScyNet (Fig. 1C).

FVA of the generated community model shows that D.vul-
garis can provide acetate and hydrogen to M.barkeri. These 
metabolites are known substrates for two different pathways 
for methanogenesis in M.barkeri, the acetoclastic pathway 
and the hydrogenotrophic pathway. Similarly, D.vulgaris can 
provide formate and hydrogen for M.hungatei, which are all 
processed via the hydrogenotrophic pathway.

The community metabolic model would also allow D.vul-
garis to take up H2 and CO2. This uptake was not found in 
the analysis by Koch et al. (2019). While it is known that D. 
vulgaris can grow on acetate and hydrogen with sulphate as 
an electron acceptor, sulphate is not part of the growth me-
dium, neither is acetate. PyCoMo could detect a thermody-
namically infeasible cycle as the reason, allowing D.vulgaris 
to take up H2 (see Supplementary Material, Section 3). In this 
cycle, D.vulgaris produces formate from H2 and CO2. 
Subsequently, M.hungatei converts the formate back into H2 

and CO2, without the need for any other metabolites.
The performance of PyCoMo was tested using communi-

ties of different sizes (5–40 members). Genome-scale meta-
bolic models from the AGORA collection were used as input 
models. Three tasks were timed on a system with 16 GB 
RAM and an AMD Ryzen 7 5700G using only a single core: 
the construction of the community metabolic model, flux bal-
ance analysis (FBA) at equal community member abundance, 
and the calculation of all potential exchange metabolites. The 
runtime scales approximately linear with community size for 
the construction of the community metabolic model and 
FBA, while the runtime of the calculation of all potential ex-
change metabolites scales quadratic, with a runtime of 11.3, 
2.3, and 31.5 min respectively, at a community size of 40 
members (average over three repetitions, see Supplementary 
Material, Section 5).

PyCoMo                                                                                                                                                                                                                                            3 
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4 Conclusion

PyCoMo simplifies the generation and analysis of community 

metabolic models. This allows quickly addressing questions 

of which metabolites might be consumed, produced or ex-

changed in a community of interest, harnessing the knowl-

edge base aspect of metabolic models on a community level. 

PyCoMo manages the construction of community models 

within a matter of seconds to minutes, yet the limitations of 

steady-state metabolic modelling methods apply. This means 

that simple optimization techniques like FBA will be feasible 

for larger communities, while the runtime for flux range and 

sampling approaches like FVA grows faster and can only be 

applied to smaller communities. Still, PyCoMo can find all 

exchange metabolites and cross-feeding interactions via FVA 

in a matter of 3 min for a 10-member community using 

genome-scale metabolic models.
Assembling community metabolic models with PyCoMo is 

reproducible and the resulting metabolic models can easily be 

used for further analysis with other metabolic modelling meth-

ods, including objectives other than biomass and objective free 

methods. All current openCOBRA file formats are supported 

for model input and export, with strict adherence to the SBML 

format. PyCoMo even facilitates (manual) curation on the level 

of communities by creating community metabolic models that 

fully preserve all available annotation and documentation in an 

interoperable, reusable manner adaptable to the necessary struc-

tures for different linearization approaches.
Finally, due to its command-line interface, PyCoMo can be 

easily integrated into (existing) genome analysis and pheno-

typing pipelines.

Supplementary data

Supplementary data are available at Bioinformatics online.
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1. Equivalent, bound-free metabolic network

Consider a metabolic network represented by its stoichiometric

matrix, N ∈ R
m×r containing the net stoichiometric coefficients

of m internal metabolites in r reactions. The vector r ∈ R
r

denotes a flux distribution (flux vector) through the network, and

its components ri with i ∈ {1, ..., r} are the respective reaction

rates or fluxes.

In steady state, any feasible flux distribution through the

network is a solution of the flux polyhedron given by

Nr = 0, (1a)

l ≤ r ≤ u, (1b)

where the capacity constraints l and u denote the vectors of lower

and upper bounds on the flux distribution. These limits also

include irreversibility constraints, where li = 0 for irreversible

reactions i ∈ Iirr.

By introducing the slack variable f and non-negative slack

variable vectors s
l ∈ R

r
≥0

and s
u ∈ R

r
≥0

(associated with

the lower and upper bounds of the reactions, respectively), the

inhomogeneous set of equations in (1) can be transformed into a

(higher-dimensional) set of homogeneous equations (Klamt et al.,

2017)







0 N 0 0

−l Ir −Ir 0

u −Ir 0 −Ir

















f

r

s
l

s
u











= 0, (2a)

s
l ≥ 0, (2b)

s
u ≥ 0. (2c)

Here Ir denotes the identity matrix of size r.

By introducing the normalization condition

f = 1, (3)

the solution spaces for r in (1) and (2) become identical. Thus, (2)

can be interpreted as an equivalent, yet “bound-free” metabolic

network, represented by the (transformed) stoichiometric matrix

Ñ =







0 N 0 0

−l Ir −Ir 0

u −Ir 0 −Ir






,

and (transformed) flux vector

r̃ =
(

f r s
l

s
u
)

T

,

including the irreversible reactions s
l, and s

u. Note that for

bound-free models of the community members the normalization

© The Authors, March 15, 2024. 1
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condition f introduced in equation 3 can also serve as a

scaling factor, which enables one to rescale reaction fluxes and

their bounds. This will prove useful in the context of the

community metabolic models, where reaction fluxes and bounds

are normalized relative to the community member’s mass fraction,

see (4a).

(a) Original metabolic network

A B
r1 ≤ 10 r2 r3 = 3

1 ≤ r4

(b) Equivalent, bound-free metabolic network

A B

U1

r1 r2

U3

r3

L4

r4

1

10 3

f = 1

su
1

sl
4

Fig. 1: Reconfiguring a constrained metabolic network (panel a)

into an equivalent, bound-free metabolic network (panel b) via

the set of Equations (2). Each non-standard bound (in panel a)

is substituted with a dummy metabolite (blue circles in panel

b). These dummy metabolites are either consumed (for upper

bounds) or produced (for lower bounds) by their corresponding

reactions. An additional reaction, labeled f (blue line), is

introduced to balance these dummy metabolites. It both produces

(for upper bounds) and consumes (for lower bounds) these

dummy metabolites, with stoichiometric coefficients matched to

the corresponding flux bound values. Finally, sink reactions (blue

dashed arrows) are added to all dummy metabolites that do not

correspond to equality constraints.

Example 1 Consider the simple constrained metabolic network

depicted in Fig. 1a, composed of four irreversible reactions.

Flux variability analysis (Mahadevan and Schilling, 2003)

reveals the feasible ranges for reaction rates: r1 spans

(4 to 10)mmol g−1 h−1, r2 and r3 are both 3mmol g−1 h−1, and

r4 ranges from (1 to 7)mmol g−1 h−1.

The transformation of the toy network shown in Fig. 1a into

its equivalent bound-free network using (2) yields the network

depicted in Fig. 1b. Upon comparing Fig. 1a and Fig. 1b,

it becomes apparent that the flux bounds in Fig. 1a translate

into stoichiometric coefficients for newly introduced dummy

metabolites, which are either produced or consumed by the new

reaction f . These dummy metabolites function as co-factors,

and their availability constrains the respective original reactions

r1 to r4. Any excess can be removed through additional sink

reactions, corresponding to the variables s
l and s

u. Note the

simplification for the equality constraint r3 = 3mmol g−1 h−1:

U3 is fully consumed by r3, precisely determining the flux of r3

and rendering both a sink for U3 and a dummy metabolite for the

lower bound unnecessary. For example, according to (3) reaction

f = 1mmol g−1 h−1, which produces 3mmol g−1 h−1 U3. U3 can

only be consumed by r3 thus enforcing a flux of 3mmol g−1 h−1

trough reaction r3. Consequently also r2 = 3mmol g−1 h−1. f

also produces 10mmol g−1 h−1 U1, which can be consumed by

r1 or su
1
, effectively imposing an upper limit of 10mmol g−1 h−1

on r1. Similarly, f drains 1mmol g−1 h−1 L4, which enforces a

minimum flux of 1mmol g−1 h−1 through r4. Any surplus of L4 is

channeled through reaction sl
4
. We find a minimum flux of r1 =

4mmol g−1 h−1 and a maximum of r4 = 7mmol g−1 h−1 upon

balancing these fluxes at metabolite A, ultimately fully recovering

the limits obtained through flux variability analysis in the original

network, as presented above.

(a) Equivalent, bound-free metabolic network of a constrained,

reversible reaction

U1 L1

r1
1 1

f = 1

10 1000

su
1

sl
1

(b) Scaling of dummy metabolites and corresponding flux constraints

U1 L1

r1
0.01 0.01

f = 1

0.1 10

su
1

sl
1

Fig. 2: Equivalent, bound-free metabolic network of a constrained,

reversible reaction −1000 ≤ r1 ≤ 10. Full and open arrows

indicate forward and reverse directions of r1, dashed reactions

represent sink reactions for the dummy metabolites L1, and U1.

Panel a shows the reaction r1 with a stoichiometry of 1 for the

dummy metabolites U1 and L1. Panel b shows the same reaction

as implemented in PyCoMo, yet with stoichiometry coefficients

for all dummy metabolites rescaled by a factor of 0.01. This

scaling ensures reaction bounds equivalent to panel a, however,

the maximum flux through the sink reactions is reduced from 1010

in panel a to 10.1 in panel b.

Example 2 In computational practice, the commonly adopted

capacity constraints (li, ui) are usually defined as (-1000,1000)

for reversible reactions and (0,1000) for irreversible reactions. For

instance, consider the reversible reaction −1000 ≤ r1 ≤ 10, and

its equivalent, bound-free network illustrated in Fig. 2a. Note that

the negative lower flux bound produces the corresponding dummy

metabolite L1 by the reaction f .
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Let’s assume r1 operates at its maximum forward flux.

Consequently, r1 produces 10mmol g−1 h−1 of L1, while reaction

f contributes 1000mmol g−1 h−1 to the production of L1. Thus,

sl
1
needs to drain off a total flux of 1010mmol g−1 h−1. Such a

scenario would be problematic if openCOBRA (Heirendt et al.,

2019, 2017; Ebrahim et al., 2013; Jamshidi and Palsson, 2010)

default constraints were applied to sl
1
.

To ensure that sink reactions sli and suj never encounter

capacity constraints, we recommend employing considerably larger

upper bounds for them, such as 10 000mmol g−1 h−1.

Increasing bounds for sink reactions can lead to sink reaction

fluxes that are significantly larger than all other fluxes in

the model, potentially causing numerical issues for the solver.

PyCoMo addresses this by enabling the user to adjust the

stoichiometric coefficients of associated auxiliary metabolites (Sun

et al., 2013). For instance, in Figure 2b, the stoichiometric

coefficients of the dummy metabolites have been reduced by a factor

of 100 in all reactions producing those metabolites. Despite this

adjustment, reaction bounds for r1 are retained. The benefit of this

scaling is that it avoids sink reaction fluxes higher than normal

reaction fluxes, while still ensuring sufficient efflux for the dummy

metabolites, avoiding potential numerical issues in the solver.

The default scaling factor for dummy metabolite stoichiometry

in PyCoMo is set to 10−2 as in the example above, but can be

adjusted by users when generating a community metabolic model.

The flux bounds for the sink reactions of dummy metabolites

are scaled accordingly by PyCoMo, to ensuring that no capacity

constraints are encountered.

2. Linearisation of community metabolic models

Fluxes in metabolic models are normalized by the dry mass of

the model in question. Community metabolic models complicate

this system, as the reaction constraints of all reactions of each

community member need to be normalized by community mass,

but also scaled by the mass fraction of the community member.

Further, to comply with the steady-state assumption, the growth

rate of all community members needs to be equal. The growth

rate of each community member is the amount of this community

member’s newly produced biomass, divided by the existing mass.

The concept of balanced growth states that a community can

only be in steady state if all community members have equal

growth rate on average (Koch et al., 2019). Otherwise, community

members with higher growth rates will outgrow slower growing

members, altering the community composition and thus violating

the steady-state assumption. For a model with n community

members m; m ∈ {1, ..., n}, the mass of the community is set as 1

and the mass of each community member m is equal to the mass

fraction fm. Each community member m has a biomass reaction

rmbiomass and a growth rate µm. As such, in the community

metabolic model setting the following constraints apply:

n
∑

m=1

fm = 1, (4a)

µcom = µ1 = µ2 = ... = µn, (4b)

µm =
rmbiomass

fm
(4c)

Thus, the steady-state constraint leads to a bilinear problem

in community metabolic models, as the relationship between

community member fraction, community member mass and

growth rate is non-linear (see equation 4c).

2.1. Community and community member mass

To ensure efficient calculation, the model can be linearized

by fixing either community member fractions or growth rate.

Examples of the model structures can be seen in figures 3 - 5. First

of all, the sum of abundance fractions of all community members

needs to be 1. This is achieved by each community member’s

fraction reaction producing a fraction metabolite, which can be

converted into a common fraction metabolite fcom. This common

fraction metabolite is coupled to a demand reaction of flux 1, thus

ensuring that the sum of fraction reaction fluxes equals 1 (see

equations (4) and figure 3).

fcom
1

fAmet
fA

fBmet
fB

Fig. 3: Use of dummy metabolites to constrain the total mass

of the community model. Fraction reactions fm are introduced

for each community member m. Fraction reactions have a flux

corresponding to the mass fraction of the respective community

member and are used to scale the bounds of each member’s

reactions. The sum of fraction reaction fluxes needs to be equal to

the total mass of the community model, which is set to 1. To this

end, each fraction reaction produces a dummy metabolite fmmet

with a stoichiometric coefficient of 1. Each dummy metabolite

fmmet is converted to a community mass dummy metabolite

fcom, connected to a sink reaction of flux 1.

2.2. Fixed growth rate

Fixing the community growth rate is achieved by adding an upper

bound metabolite to each of the community member’s biomass

reactions. These upper bound metabolites are not coupled to

sink reactions, as they correspond to equality constraints. The

production of these biomass bound metabolites is coupled with

each community member’s fraction reaction. The fraction reaction

carries flux equal to the member’s mass fraction in the community.

The stoichiometric coefficient of the biomass bound metabolites

is set equal to the community growth rate (see figure 4). This

system leads to the production of biomass metabolites, scaled by

the fraction of each member, in the end summing up to the total

biomass required for the set growth rate.

µcom =
rcombiomass
∑

n
m=1

fm
= rcombiomass, (5a)

rmbiomass = µcom ∗ fm, (5b)

rcombiomass =

n
∑

m=1

rmbiomass (5c)

This further allows the fractions to be variable, enabling analysis

across community compositions.
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biocom
µcom = 1

bioA

rbioA2com

rbioA = 0.6

bioB

rbioB2com

rbioB = 0.4

ubioA

ubioB

fA = 0.6

fB = 0.4

1

1

Fig. 4: Community metabolic model structure for fixed growth

rate. An example with two community members, A and B, and a

fixed community growth rate of 1 is shown. According to equations

(5) the flux of the community member’s biomass reactions, rbioM
is equal to µcom ∗ fm. In the example shown, solutions for the

fraction reaction fluxes are 0.6 for A and 0.4 for B. This results

in biomass reaction fluxes of 0.6 for A and 0.4 for B as well. The

community biomass reaction flux is equal to the community growth

rate µcom, as well as the sum of the community members’ biomass

reaction fluxes.

2.3. Fixed community member mass fractions

Fixed community member fractions can be achieved by (i)

constraining the fraction reactions to the respective fractions and

(ii) introducing a reaction (rabd) which produces upper bound

metabolites for each of the community member’s biomass reactions

(see figure 5). The flux of reaction rabd is equal to the the

community growth rate, but is variable in simulation. In rabd the

stoichiometric coefficients for the production of the biomass bound

metabolites is equal to the fraction of the respective community

member, fulfilling the constraints of equations (4) and (5). As

in the fixed growth rate, these upper bound metabolites are

not coupled to sink reactions, as they correspond to equality

constraints.

3. Detection of thermodynamically infeasible cycles

Interactions in compartmentalized community metabolic models

can create thermodynamically infeasible cycles, that cannot be

detected in the member metabolic models alone. To accommodate

for this circumstance, a detection of thermodynamically infeasible

cycles is included in PyCoMo (accessible via the get loops method

of the CommunityModel class). The medium of the community

metabolic model is set to be empty, allowing no influx of

metabolites. Further, the constraints imposed by fixed growth

or fixed abundance configurations on the fraction reactions and

biomass reactions of the community members are lifted. Then,

FVA is used to find reactions that can carry non-zero flux. An

example output of the three species biogas community metabolic

model (Koch et al., 2019). can be seen in table 1.

In total 31 reactions can carry flux while no medium is

present. While all of them are part of thermodynamically

infeasible cycles, not all of them are problematic. Many reactions

are transport reactions, with a reversible transport being split

into two irreversible reactions. As such, they create a cycle,

transporting metabolites back and forth indefinitely (e.g. dv Ac ex

biocom
µcom = 2.5

bioA

rbioA2com

rbioA = 0.5

bioB

rbioB2com

rbioB = 2.0

ubioA

ubioB

rabd = 2.5
0.2

0.8

Fig. 5: Community metabolic model structure for fixed community

member mass fractions. An example with two community

members, A and B, and a fixed abundance profile of A : 0.2, B : 0.8

is shown. The stoichiometric coefficients for dummy metabolites

in reaction rabd are set to 0.2 for ubioA and 0.8 for ubioB . This

leads to a balanced biomass production with variable growth rate,

while following the constraints of equations (4) and (5). In this

example, a community growth rate of 2.5 was chosen as solution.

This results in a flux of 2.5 in rabd, producing 0.5 of ubioA and 2.0

of ubioB . The production of dummy metabolites set the flux of the

community biomass reactions accordingly. Ultimately, community

biomass is produced in the form of 0.5 of bioA and 2.0 of bioB ,

summing up to a community growth rate µcom of 2.5.

and dv Ac up). The same mechanism of reversible reactions

being split into two irreversible counterparts can also be found

in non-transport reactions, such as the conversion of fumarate

to succinate and vice-versa (dv Fum Succ dv Internal Species

and dv Succ Fum dv Internal Species). There is, however, one

remaining thermodynamically infeasible cycle with a different

pattern, spanning the community members D. vulgaris and M.

hungatei : D. vulgaris converts formate into hydrogen and CO2,

which are taken up by M. hungatei and turned into formate again.

Upon detection of such cycles, users are strongly advised to curate

the member and/or community metabolic models to resolve these

cycles.

4. Matching of metabolite namespaces

Matching of boundary metabolites is a key step in allowing

members of a community metabolic model to interact. PyCoMo

resolves this by either matching via metabolite IDs, or matching

via annotation. The latter will treat two boundary metabolites as

equal if they have a matching identifier for a database selected

by the user in the metabolite annotation. To avoid mapping

metabolites to multiple different counterparts, the mapping fails

if more than one identifier is present for the selected database in

any boundary database. In addition, mass and charge balance is

checked for all matched metabolites, and warnings are provided in

case of violations.

The success rate of matching metabolite namespaces via

annotations is dependent on the extent and similarity of

metabolite annotation in the metabolic models about to be

merged - not all databases (if any) are provided by all metabolic

model generation pipelines, databases may change or provide new

identifiers for existing compounds and the protonation state of
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PyCoMo 5

reaction min flux max flux

dv TP H2 TP dv External Species -10.0 0.0

dv TP CO2 TP dv External Species -10.0 0.0

dv TP Form TP dv External Species 0.0 10.0

dv Fum Succ dv Internal Species 0.0 10.0

dv Succ Fum dv Internal Species 0.0 10.0

dv Ac ex 0.0 0.5

dv CO2 ex 0.0 10.0

dv Eth up 0.0 10.0

dv Form ex 0.0 10.0

dv H2 up 0.0 10.0

dv Ac up 0.0 0.5

dv H2 ex 0.0 10.0

dv Eth ex 0.0 10.0

dv Fdred H2 dv Internal Species -10.0 0.0

dv Fdred Form dv Internal Species 0.0 10.0

dv CO2 up 0.0 10.0

mb CO2 up 0.0 10.0

mb CO2 ex 0.0 10.0

mh TP H2 TP mh External Species 0.0 10.0

mh TP CO2 TP mh External Species 0.0 10.0

mh TP Form TP mh External Species -10.0 0.0

mh Form CO2 mh Internal Species 0.0 10.0

mh Fum Succ mh Internal Species 0.0 10.0

mh Succ Fum mh Internal Species 0.0 10.0

mh NADP Hydrogenase mh Internal Species 0.0 10.0

mh CO2 Form mh Internal Species 0.0 10.0

mh CO2 ex 0.0 10.0

mh CO2 up 0.0 10.0

mh Form up 0.0 10.0

mh H2 ex 0.0 10.0

mh H2 up 0.0 10.0
Table 1. Reactions carrying flux while no medium is present. The results shown were generated using a three species biogas community metabolic model

(Koch et al., 2019).

compounds can differ between databases, making exact matches

impossible.

Thus, the matching of boundary metabolites via annotation

provided by PyCoMo is intended for two purposes: (1) If metabolic

models were generated by the same model generation pipeline,

and annotations are present and unique in a given database for all

boundary metabolites, this matching strategy should succeed and

allow matching of metabolites regardless of their metabolite ID.

(2) When creating a community metabolic model using metabolic

models of different metabolic model generation pipelines, where

most annotations are present and all are unique in a given database

for all boundary metabolites, then matching via annotation can

resolve at least the majority of metabolite matching without

manual input. As mass and charge balance are checked, all

metabolite matches found by PyCoMo should be correct. Users

should then resolve all matches that were discovered to be not mass

and charge balanced, as well as check all unmatched metabolites

for potential missed matches due to any of the reasons provided

before.

5. Runtime and complexity

The runtime complexity in relation to community size was

estimated for three separate tasks: (i) The construction of the

community metabolic model, (ii) flux balance analysis (FBA) at

equal community member abundance, and (iii) the calculation of

all potential exchange metabolites. The runtime was measured

on a system running Microsoft Windows 11 with 16GB RAM

and an AMD Ryzen 7 5700G using only a single core. To

include the effects of diverse input model structures and the

complexity of genome-scale metabolic models, the single organism

metabolic models were randomly selected from the AGORA

(Magnúsdóttir et al., 2017) collection. The three tasks were timed

for communities of size 5 to 40 and repeated three times (each

with randomly selected members). Figure 6 shows the results of the

runtime measurements. The runtime complexity of the community

metabolic model construction appears to be roughly linear, while

FBA and the calculation of all potential exchange metabolites scale

quadratically with the number of community members. It should

be noted that fluctuations of an order of magnitude have been

observed for the calculation of all potential exchange metabolites.

This variability could stem from the differences in community

members, but also the implementation of flux variability analysis

of COBRApy, used for the calculation in PyCoMo. Further, the
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6 Predl et al.

runtime of flux variability analysis (FVA) can be decreased by

making use of the parallel implementation in COBRApy. This

parallel implementation is not as effective on Windows operating

systems as on Linux or MacOS, due to operation system specific

implementations of the underlying multiprocessing python library.

Fig. 6: Runtime measurements for PyCoMo. Single organism

metabolic models were randomly sampled from the AGORA

collection to generate communities of 5 to 40 members (each in

triplicate). The runtime was measured for three tasks of PyCoMo:

(i) The construction of the community metabolic model, (ii) flux

balance analysis (FBA) at equal community member abundance,

and (iii) the calculation of all potential exchange metabolites using

flux variability analysis (FVA).

.
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Abstract
Motivation: Genome-scale community metabolic models are used to gain mechanistic
insights into interactions between community members. However, existing tools for

visualising metabolic models only cater to the needs of single organism models.

Results: ScyNet is a Cytoscape app for visualising community metabolic models, generating
networks with reduced complexity by focusing on interactions between community members.

ScyNet can incorporate the state of a metabolic model via fluxes or flux ranges, which is

shown in a previously published simplified cystic fibrosis airway community model.

Availability and Implementation: ScyNet is freely available under an MIT licence and can

be retrieved via the Cytoscape App Store (https://apps.cytoscape.org/apps/scynet). The

source code is available at Github (github.com/univieCUBE/ScyNet).

Contact: thomas.rattei@univie.ac.at

Keywords: Metabolic model, Microbial community, Visualization, Cytoscape

Introduction
Interactions play an important role in shaping the structure and properties of microbial

communities (Mataigne et al., 2021). They can range from beneficial to detrimental for the

community members and include various forms from direct interactions, like cross-feeding,

to complex traits, like biofilm formation (Zuñiga et al., 2017). Due to these interactions,
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communities of different taxa have emergent properties beyond the sum of their members’

capabilities, and are actively researched in diverse areas such as microbial ecology,

medicine and biotechnology (Heinken et al., 2021). In recent years the field of metabolic

modelling has expanded from modelling single organisms to modelling communities, with the

aim to gain mechanistic insights. Metabolic modelling has been applied to a variety of

communities, including synthetic communities, human and environmental microbiomes, with

community members spanning all domains of life (Heinken et al., 2021; Ibrahim et al., 2021;

Saa et al., 2022).

Visualisation of metabolic models allows communicating concepts and results. However,

metabolic models and especially genome-scale metabolic models are highly complex with

thousands of metabolites and reactions. Community metabolic models only exacerbate this

problem (Ibrahim et al., 2021). Many tools have been developed for the visualisation of

single organism models trying to deal with this complexity (Hari & Lobo, 2020; König et al.,

2012; Noronha et al., 2017; Pfau et al., 2021). One notable mention is cy3sbml (König et al.,

2012), an app for the widely used network data visualisation platform Cytoscape (Shannon

et al., 2003), which allows for importing and visualising metabolic models with all their

information.

To avoid complex figures, a common technique is the reduction of the displayed network,

e.g. highlighting a single pathway as done by IDARE2 (Pfau et al., 2021) or showing only the

immediate neighbourhood of a reaction or metabolite as done by Fluxer (Hari & Lobo, 2020).

These reduction approaches are not well suited for community metabolic models, as they

focus only on a local area, missing the context of the community. Instead, a visualisation of

the interactions would capture the essence of a community metabolic model while also

drastically reducing the complexity of the figure. To our knowledge, no tool exists so far,

which allows for automated visualisation of interactions between community members from

metabolic models.

We present ScyNet, a Cytoscape app for visualising the exchange metabolite network of

community metabolic models and the interactions between community members. ScyNet

reduces the metabolic network of the whole community to community members and their

consumed and produced metabolites, drastically decreasing the complexity. Flux data from

flux balance analysis (FBA) and flux ranges from flux variability analysis (FVA) can be used

to contextualise the visualisation. ScyNet is accompanied by PyCoMo (Predl et al., 2024), a

python package for automated generation of a community metabolic model from single

organism models, which can readily be used as input. Together they allow for quick
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visualisation and analysis of microbial communities and their interactions starting with only

the metabolic models of their members.

Description
ScyNet is a Java app developed for Cytoscape 3.9.0 or higher (Shannon et al., 2003). The

input is a compartmentalised community metabolic model in SBML format, such as

generated by PyCoMo. To distinguish different organisms in the community metabolic model,

two requirements need to be met by the input SBML file: (1) The inclusion of the name of the

community member as prefix in its metabolite and compartment IDs and (2) the presence of

a shared external compartment between the community members called “medium”. The ID

of the shared external compartment can be set to a name other than “medium”, by specifying

the ID in the SBML parameter “shared_compartment_id”. Additionally, reactions transporting

metabolites to and from the shared external compartment are assumed to carry only a single

metabolite.

The ScyNet visualisation workflow is started with the import of the community metabolic

model in Cytoscape, which is handled by Cy3sbml (König et al., 2012) (figure 1: step 1).

ScyNet reduces the resulting network to its community members and their consumed and

produced metabolites (figure 1: step 2). First, the nodes for each community member are

generated by scanning the model for members in metabolite and compartment IDs. Next,

reactions connected to metabolites in the shared external compartment are gathered. For

each reaction, nodes are created for the external metabolites and connected to the

corresponding community members node.

The simplified network can then be structured and stylized using a variety of methods

provided by Cytoscape and its apps. ScyNet includes a tailored layout algorithm. It places

the metabolites and organisms in four concentric circles: Going inwards, the first and largest

circle contains all the external metabolites that are only connected to a single community

member. The second circle are the community member nodes, evenly spaced. The third

circle is reserved for metabolites connected to exactly two members. Such metabolites are

instead placed between two member nodes, if they are adjacent in the layout, which is

encouraged by the algorithm. The inner circle contains all remaining metabolites, with three

or more interaction partners. This layout algorithm can be applied to all networks generated

by ScyNet via the menu.

In addition, ScyNet allows styling of the network according to network state. For this, a flux

vector can be imported and ScyNet will colour the edges accordingly. An example of such a

contextualised network can be seen in figure 1, step 3. Networks can be stylized according
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to reaction fluxes of a single state by providing a flux vector as a tab-separated file

containing two columns: “reaction_id” and “flux”. Based on the reaction fluxes, all edge

arrows and colours are set to represent the flux state. Reactions that do not carry flux are

dropped from the visualisation. Similarly, flux ranges, as in the output of FVA can be

visualised as well. Here, a tab separated file with three columns (“reaction_id”, “min_flux”

and “max_flux”) is required.

In addition to the indication of reaction directionality by colour, ScyNet can visualise flux

values by setting the edge width proportionally.

When flux data are present, the network can be further simplified to only visualise

cross-feeding interactions, which are interactions of a community member producing a

metabolite, which is taken up by a different community member. This definition allows more

than the required two community members to be part of cross-feeding interactions of the

same metabolite. Further, cross-feeding interactions are considered regardless of the

presence of the target metabolite in the medium. A visualisation of the cross-feeding network

can be achieved via the toggle cross-feeding function, hiding all reactions and metabolites

not involved in cross-feeding. The same function can be used to reveal the hidden

components of the network again.

Results
For testing ScyNet we chose to visualise a microbial community of cystic fibrosis airways,

illustrating a typical visualisation use case of a small microbial community metabolic model.

The microbial community was modelled using AGORA 1.02 models (Magnúsdóttir et al.,

2017) as representatives for each genus, as done by Henson et al (Henson et al., 2019).

The community consists of 17 member metabolic models, of which only the four key

members (Prevotella, Pseudomonas, Staphylococcus, Streptococcus) identified by Henson

et al. were visualised.

The single species models were merged into a community metabolic model using PyCoMo.

All possible exchange reaction flux ranges were calculated and written to a tab separated file

for input in ScyNet. The total community metabolic model of the 4 members has 4787

metabolites and 5636 reactions (figure 1: step 1). In the simplified network created by Scynet

these numbers are reduced to 234 metabolites and 568 reactions (figure 1: step 2).

After applying the possible exchange reaction flux ranges in the community identified by

PyCoMo and removing infeasible reactions, the model contains only 194 metabolites and

A. Appendix

117



470 reactions (figure 1: step 3). By reducing the visualisation to only cross-fed metabolites

the network shrinks to 68 nodes and 222 edges.

Henson et al. analysed 16S rRNA data of 75 sputum samples of adult cystic fibrosis

patients. This data showed that the community members can be present in varying

compositions, which not only differ in flux amount, but also in activity and direction of

exchange reactions, according to simulations of the metabolic models. We reproduced the

visualisation in figure 8D, showing predicted cross-feeding fluxes in the context of

communities with high Pseudomonas abundance (figure 1: step 4) as an example. An exact

replication of the flux vector is not possible, as it is the average of the flux vectors across 500

simulations with randomly permuted reaction bounds. Instead, the flux vector was derived

manually from the results of Henson et al., putting a flux of 1 for exchange reactions shown

in figure 8D and omitting all others.

In the scenario of high abundance of Pseudomonas, alanine is predicted to be produced by

Staphylococcus, Prevotella and Streptococcus and taken up by Pseudomonas. However at

low abundance of Pseudomonas and increased abundance of Streptococcus the results of

Henson et al. predict Staphylococcus to take up alanine produced solely by Streptococcus.

This example reflects the flexibility of the direction of cross-feeding in this community. As

shown in figure 1B, the majority of reactions that are part of cross-feeding interactions are

feasible in both directions (77,5%). The reaction reversibility is not a general feature of

external metabolites in the AGORA models. The fraction of reversible reactions is

significantly lower in exchange reactions not involved in potential cross-feeding (8,1%),

compared to exchange reactions of cross-fed metabolites (P-value << 0.05).

Conclusion
ScyNet enables comprehensible visualisation of community metabolic models and the

interactions of their members. The reduction in complexity makes the visualisations suited

for communication of results, as shown in the reproduced figure of the four member cystic

fibrosis airways microbial community by Henson et al. (2019). The visualisation process

takes less than 5 minutes on a desktop computer for the given example, including the time

needed to generate the community metabolic model from the individual AGORA

reconstructions. Thus, ScyNet can be readily applied during the construction, curation and

analysis of community metabolic models.

ScyNet also allows to visualise different metabolic states of a community, e.g. for comparing

communities under distinct conditions, different abundance profiles, growth on distinct media

or showing FBA and FVA solutions. The contextualisation of the reduced network could be
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extended by OMICs data integration as achieved by IDARE2 (Pfau et al., 2021), but focused

on the community level.

Most community metabolic modelling applications are done in small to medium communities

of less than 20 members (Heinken et al., 2021). Natural communities often consist of more

than 100 different taxa. Few studies have already attempted to model such complex

communities with metabolic modelling and it is to be expected that more work will follow.

While ScyNet drastically reduces the complexity of community metabolic networks, the

amount of external metabolites and reactions grows with the size of the community (Ibrahim

et al., 2021). The larger the network is, the less informative will be its visualisation.

To ensure that the represented network can be read at one glance, further reduction is

necessary. An example is the selection of the five most frequent cross-feeding metabolites

by Henson et al (2019). Alternatively, modularisation and abstraction can be employed to

deal with larger communities. Such coarse-graining could be achieved by combining

organisms to functional guilds or grouping metabolites in categories.

Despite the challenge of highly complex and information rich community metabolic models,

ScyNet allows for quick visualisation, analysis and communication of interactions between

community members.
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Figure 1: Workflow of visualising community metabolic networks with ScyNet. All networks

are based on the same four AGORA models (Magnúsdóttir et al., 2017), converted into a

community metabolic model using PyCoMo. The community members were chosen as

representatives of their respective genus in a cystic fibrosis airways community model, by

Henson et al (Henson et al., 2019). (Step 1) The complete network of the community

metabolic model, as imported by cy3sbml (König et al., 2012). (Step 2) The network after

reduction by ScyNet, containing only community members, consumed and produced

metabolites as nodes, and exchange reactions as edges. (Step 3) Visualisation of flux

ranges of potential exchange reactions, independent of the community composition and

calculated with PyCoMo. All reactions with non-zero flux are shown. (Step 4) Replication of

figure 8D by Henson et al.: Visualisation of the five metabolites identified by Henson et al. as

most often cross-fed in simulations with randomly permuted exchange reaction flux bounds

of samples with high abundance of Pseudomonas.
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Abstract (250 words) 

 
Archaea are integral components of the human microbiome but persist as 
understudied entities within the gastrointestinal tract (GIT), primarily due to the lack of 
cultured representatives for comprehensive mechanistic investigations. With only four 
Methanobrevibacter smithii isolates from humans available according to the Global 
Catalogue of Microorganisms (GCM), the existing cultures fail to adequately represent 
the observed diversity, as underscored by recent findings. 
 
This study introduces a targeted cultivation method for enriching methanogenic 
archaea from human fecal samples. Applied to 16 stool samples from healthy and 
diseased donors, the method aimed to genomically characterize the archaeal cultures 
and establish correlations with gastrointestinal disorders. The procedure combines 
methane breath testing, in silico metabolic modelling, media optimization, FACS, 
dilution series, and genomic sequencing through Nanopore technology. Additional 
analyses include co-cultured bacteriome, comparative genomics of archaeal 
genomes, functional comparisons, and structure-based protein function prediction of 
unknown differential traits. 
 
Successful establishment of stable archaeal cultures from 14 out of 16 fecal samples 
yielded nine previously uncultivated strains, eight of which were absent from a recent 
archaeome genome catalog. Comparative genomic and functional assessments of 
Methanobrevibacter smithii and Candidatus Methanobrevibacter intestini strains from 
diverse participant cohorts revealed features potentially associated with 
gastrointestinal diseases. 
This work substantially broadens the scope of available archaeal representatives for 
functional and mechanistic studies in the human GIT. The established protocol 
facilitates the cultivation of methanogenic archaea from nearly every human fecal 
sample, offering insights into the adaptability of Candidatus Methanobrevibacter 
intestini genomes in critical microbiome situations.  
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Introduction  
 

The human gut is a complex ecosystem harboring a diverse community of microbes, 

including bacteria, fungi, viruses, and archaea (1). While bacteria are well described, 

and their role in gut health is well studied, the function and role of archaea in the human 

gastrointestinal tract (GIT) is still not well understood. Archaea found in the GIT are 

mainly represented by the order Methanobacteriales, with the most abundant species 

Methanobrevibacter smithii and Candidatus Methanobrevibacter intestini (2–4).  

These methanogenic archaea produce methane (CH4) as a metabolic byproduct, while 

producing ATP via methanogenesis (5–9). The yielded CH4 serves as an important 

indicator for the presence of methanogenic archaea (10).  

CH4 can be detected in humans’ breath, as it is partially absorbed into the blood and 

excreted through the lungs (11). The impact of CH4 on the human GIT has already 

been addressed and it has been reported that CH4 leads to the reduced efficiency of 

intestinal smooth muscle activity, often associated with e.g. the constipation-

predominant irritable bowel syndrome (12–14). Further, variations of CH4 levels in the 

human breath were discussed as an indicator for enhanced oxidative stress and could 

therefore show a great potential for example in in vivo diagnostics (15–17). On the 

other hand, positive effects were also described, as CH4 could also act as antioxidant, 

protecting cells from reactive oxygen species (ROS) and demonstrating potential anti-

inflammatory properties (18). 

Methanobrevibacter species show a prevalence of more than 90% in fecal samples 

with an average abundance of 0.56 % for Methanobrevibacter smithii and 0.13 % for 

Cand. Methanobrevibacter intestini (3,19). In high-CH4 producing individuals (up to 

40% of the middle European and Northern American population) (20), this average 

abundance is raised to 2 % for Methanobrevibacter genus in general (21).  

Notably, Methanobrevibacter species are highly correlated with certain bacterial 

representatives of the gut microbiome, e.g. Christensenellaceae, and have been 

shown to be syntrophically interactive in co-culture experiments with e.g. 

Christensenella minuta or Bacteroides thetaiotaomicron (22,23).  

Even though (methanogenic) archaea have been shown to be part of the human gut 

microbiome for more than 40 years (24), knowledge about their function and role within 

the human gut microbiome is still sparse. The reason for this lies in several 
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methodological issues as standard protocols are mainly bacteria-optimized, which are 

not optimally working for archaea due to their distinct cell structure, physiology, and 

metabolic activity. These distinct features and inappropriate protocols make it difficult 

to visualize, culture or analyze them with multi-omics approaches (25).  

Furthermore, the lack of comprehensive reference databases poses a challenge in 

adequately evaluating methanogenic archaea in the datasets. Additionally, the 

presence of a strong bacterial or host background further complicates the matter (25). 

Therefore, it is of utmost importance to develop new protocols or modify existing ones 

to effectively study archaea in the complex microbiome environment.  

Even though molecular biological techniques help to study the archaeome, isolating 

and culturing archaea is crucial for in-depth, mechanistic analysis of these microbes.  

Based on the Global Catalogue of Microorganisms (https://gcm.wdcm.org/) only few 

human host-associated archaeal isolates are available in culture (three 

Methanobrevibacter oralis strains from human oral cavity and subgingival plaque; and 

four Methanobrevibacter smithii isolated from human feces and large intestine), 

hindering detailed studies.  

To tackle the lack of archaeal cultures for functional studies, we established herein a 

culturing procedure to efficiently enrich and isolate methanogenic archaea from human 

stool samples in a targeted manner. By providing optimal growth conditions (e.g. by 

providing a suitable bacterial partner), followed by archaea-targeting Fluorescence-

Activated Cell Sorting (FACS), dilution series and quality control through Nanopore 

sequencing, we were able to establish stable methanoarchaeal cultures from 14 out 

of 16 fecal samples obtained from both healthy and diseased subjects.  

By this procedure, we obtained 9 novel methanoarchaeal strains, and were able to 

retrieve personalized representatives of Methanobrevibacter smithii and Cand. 

Methanobrevibacter intestini strains from stool samples of various participants with 

different health conditions, which were subsequently compared on genomic and 

functional levels. 

As the role of archaea in health and disease is still unknown and it is still discussed 

whether they might have a potential beneficial or a pathogenic effect on human health, 

obtaining additional isolates from human samples will allow in-depth analysis, which 

might help to deepen our understanding of the role of methanogens in the human GIT.  

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 11, 2024. ; https://doi.org/10.1101/2024.04.10.588852doi: bioRxiv preprint 

A. Appendix

127



5 

Material and Methods 

Ethics and participant recruitment 
Sixteen participants with different health conditions (healthy or with any kind of 

gastrointestinal disorder) were recruited based on their baseline breath CH4 levels (> 

5 ppm / high CH4 emitters). The recruitment was supported by medical doctors at the 

State Hospital Graz (Austria) and an independent physician also located in Graz, 

Austria. Participants were asked to undergo a breath test, provide a stool sample, and 

complete a questionnaire with health status information (Supplementary Table S1). 

Further, all participants signed an informed consent before participation. A list of 

exclusion and inclusion criteria can be found in Supplementary Table S2. The study 

was approved by the local ethics committee at the Medical University of Graz, Austria 

(EK-Nr: 31-452 ex 18/19).  

Sample collection, processing and storage 
For the pre-selection of participants, a breath test was performed as previously 

described (21). For this purpose, participants performed the breath test either directly 

on a GastroCH4ECKTM Gastrolyzer (Bedfont Scientific Ltd., UK) or with a 

GastroCH4ECKTM breath bag (Bedfont Scientific Ltd., UK), which was used for a later 

measurement on the Gastrolyzer device. Measurements were performed according to 

the manufacturer's instructions. Participants, who exhaled more than 5 ppm CH4, were 

considered as high CH4 emitters based on (21) and were asked to provide a stool 

sample and personal data including their health status. For anaerobic cultivation the 

stool samples were collected with eSwabsTM (Copan, USA) and from the same source 

for metagenomics with a sterile stool sample container (Sarstedt, AUT). The stool 

sample container was pre-filled with 5 ml DNA/RNA free ethanol to stabilize the 

samples, as described earlier (26). 

The participants were asked to return the samples within 24 hours after collection and 

store them at 4 °C in the meantime. After delivery, the samples for anaerobic 

cultivation were immediately transferred into sterile anoxic (N2) serum bottles 

(Glasgerätebau Ochs Laborfachhandel e.K, GER) with sterile syringes (InjektⓇ-F 

Solo, B.Braun SE, GER) and the same volume of glycerol containing ascorbic acid (50 

% glycerol (v/v), 50 % 1x PBS (v/v), and 1 g/l ascorbic acid) was added. Afterwards, 
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the samples were mixed by inverting, incubated for one hour at 4 °C and then stored 

at -80 °C until cultivation. Samples for DNA extraction were transferred in DNA-free 

1.5 ml sterile reaction tubes (Eppendorf, GER) and frozen at -80°C until further 

processing. 

Microbiome profiling of the original samples 

The DNA of the original stool samples was isolated using the PureLink™ Microbiome 

DNA Purification Kit according to manufacturer’s instructions (Invitrogen, Thermo-

Fisher, USA).  

Shotgun sequencing was conducted by the company Macrogen using the Illumina 

HiSeq device. Raw sequencing reads were quality filtered with ATLAS (version 2.16.2) 

which also included the removal of human reads (27). For taxonomic annotation the 

following tools were used: Kraken2 (version 2.1.2; with a conf. 0.1) and Bracken 

(version 2.7; read length 100) (28,29). To complete the hierarchical lineage information 

the script “kreport2mpa.py” was used that is publicly available at github 

(https://github.com/jenniferlu717/KrakenTools/blob/master/kreport2mpa.py) before 

merging the feature tables of all samples. 

 

General workflow of enrichment and cultivation 
 

Selection of bacterial syntrophy partners and metabolic modelling 
Metabolic modeling was used to test the suitability of bacterial syntrophy partners on 

MS (30) and MpT1 (31,32) media for enrichment of Methanobrevibacter smithii (full 

recipes are available in (33)).  

Draft metabolic models were generated using gapseq (v1.2) (34) on the genomes of 

the B. thetaiotamicron, C. minuta and M. smithii (GenBank IDs NC_004663.1, 

GCF_001652705.1 and ABYW00000000.1, respectively). The recipes for MS and 

MpT1 media were used to build a representation of media constituents in the 

ModelSEED (35) namespace. The compositions of the undefined media ingredients 

yeast extract and casein hydrolysate were approximated using the definitions of yeast 

extract and tryptone by Marinos et al. (36). The initial models were gap-filled with 

gapseq on each of the media separately, including the respective nutrient additives for 

C. minuta and B. thetaiotamicron. 
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For the simulations of the co-cultures, PyCoMo (37) was used to build community 

metabolic models for each pair of organisms in each medium. The respective medium 

with bacterial additives were applied to the models. Growth of the communities was 

calculated at equal abundance of bacteria and M. smithii. Exchange metabolites and 

cross-feeding interactions were calculated from solutions of flux balance analysis with 

the same parameters. 

Cross-feeding interactions profiles (metabolites produced by organism A and 

consumed by organism B in a given co-culture) were compared by calculating the 

fraction of the intersection of cross-fed metabolites divided by the union of cross-fed 

metabolites in two given profiles. 

 

Cultivation 
 
A general workflow of the enrichment process is shown in Fig. 1 and detailed 

flowcharts for each sample can be found on our github repository 

(https://github.com/SDMUG/Methanobrevibacter_Enrichment). For the enrichment of 

methanogenic archaea, stool samples were gently thawed on ice and cultivated using 

following two approaches: i) First, the samples were inoculated in MS and MpT1 media 

supplemented with antibiotics (0.1 mg/ml penicillin G potassium salt (Carl Roth GmbH 

+ Co. KG, GER) and 0.1 mg/ml streptomycin sulfate (Carl Roth GmbH + Co. KG, GER) 

to reduce bacterial growth. ii) For the second approach the samples were additionally 

inoculated in MS and MpT1 media with already growing bacterial cultures (purchased 

from Leibniz Institute DSMZ - German Collection of Microorganisms and Cell Cultures 

GmBH, GER) either Bacteroides thetaiotaomicron (DSM 2079) or Christensenella 

minuta (DSM 22607); which were described to support the growth of the methanogenic 

archaea (22,23).  

Inoculation for this approach was performed as described in (23). For the cultivation, 

both media were prepared under anaerobic conditions. In case of cultures with B. 

thetaiotaomicron, the following supplements were additionally added before 

inoculation to MS and MpT1 media, following the instructions of the DSMZ for the 

growth of B. thetaiotaomicron (medium 78 + haemine + Vit K1, 

https://www.dsmz.de/collection/catalogue/details/culture/DSM-2079): 0.2 ml hemin 

solution (50 mg hemin; Sigma-Aldrich, USA) in 1 ml 1 M NaOH (Carl Roth GmbH + 

Co. KG, GER), diluted to 100 ml with ddH2O); 0.2 ml vitamin K1 solution (0.1 ml vitamin 
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K1 (Alfa Aesar GmbH & Co KG, GER) in 19 ml 95% (v/v) ethanol (Avantor 

Performance Material Deventer, NLD)) and 1 ml beef extract solution [100 μg/ml] (MP 

Biomedicals, USA). In case of C. minuta, the media were supplemented with 0.4 ml 

D-glucose solution [500 μg/ml] (Amresco Inc., USA). All supplements were also 

prepared under anaerobic conditions and pressurized with 1.0 bar N2.  

The cultures were subjected to incubation at a temperature of 37°C using an 

incubation shaker set at a shaking speed of 80 rpm. The growth of archaea was 

influenced by the medium and the presence of supporting bacteria. The incubation 

period ranged from 7 to 14 days.  

The cultures from both approaches were screened for methane and F420-positive cells. 

In the case of approach two, screening occurred prior to FACS sorting, as the sorting 

process was based on F420 autofluorescence of the methanogens.  
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Figure 1: General workflow of the enrichment process.   
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CH4 measurement and fluorescence microscopy 
To detect the presence of methanogens, the CH4 sensor BCP-CH4 (BlueSens gas 

sensor GmbH, GER) was used to measure CH4 in the gas phase of the culture bottle 

according to the manufacturer's manual. Any cultures with CH4 levels above 2 % were 

classified as CH4 positive.  

The presence of methanogens was further checked via the typical fluorescence of 

coenzyme F420. For this purpose, fluorescence microscopy (Zeiss microscope Axio 

Imager A1, Carl Zeiss AG, GER) with fluorescence upgrade was used with Zeiss filter 

set 05: BP 395-440 (excitation), FT 460 (beam splitter), LP 470 (emission) and 100x 

magnification (objective Plan-NEOFLUAR).   
 

Fluorescence activated cell sorting (FACS) 
To physically enrich the methanogens within the samples, the fluorescence activated 

cell sorting (FACS) was used on CH4-positive cultures grown with B. thetaiotaomicron 

or C. minuta. Sorting was conducted via the Core Facility Flow Cytometry at the Center 

of Medical Research in Graz, Austria with FACSAriaTM IIu system (BD Biosciences, 

USA) as described before (38). Prior to sorting, samples were prepared in an 

anaerobic chamber (Whitley A95 Anaerobic Workstation, Don Whitley Scientific 

Limited, UK) as follows: 1 ml of culture was centrifuged at 4000 x g for 5 min in a 1.5 

ml reaction tube (Eppendorf AG, Hamburg, GER), and the resulting cell pellet was 

washed twice with 500 μl 1x PBS containing 1 g/L L(+)-ascorbic acid (AppliChem 

GmbH, GER). The cell pellet was then resuspended in 1 ml of 1x PBS + ascorbic acid 

and further diluted with an additional 1 ml of 1x PBS + ascorbic acid and transferred 

to a Falcon® 5 ml Polystyrene Round-Bottom Tube with 35 µm Cell-Strainer Cap 

(Corning Science Mexico S.A. de C.V., MEX) before sorting to ensure a single cell 

suspension.  

Cells were sorted based on the autofluorescence of coenzyme F420 (excitation 

wavelength at 420 nm) based on (39). F420-negative and F420-positive cells were 

distinguished using a 405 nm laser for excitation and a 450/50 band pass filter for 

detecting fluorescence emission. The presence of autofluorescent cells was observed 

in CH4-positive cultures in contrast to its absence in CH4-negative cultures. In addition, 

original stool samples, enrichment cultures, and pure cultures of various 
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methanogenic archaea (Methanobrevibacter smithii (DSM 2375), Methanosphaera 

stadtmanae (DSM 3091), and Methanomassiliicoccus luminyensis (DSM 25720)) 

were employed for identifying the sorting gate (Supplementary Figures S1- S4). The 

sort time was chosen for each culture individually and ranged between 3 and 7 

minutes, depending on the archaeal cell count. 

Sorted cells (min. 800 events, details for each sample can be found in the flowcharts 

on our github repository) were transferred into a 1.5 ml microcentrifuge tube containing 

250 μl of 1x PBS + ascorbic acid and inoculated into fresh medium. Afterwards the 

cultures were incubated at 37°C with 80 rpm shaking speed.  

Antibiotics, Lysozyme, Dilution series 
To reduce bacterial growth and enrich methanogens within the cultures without the 

addition of B. thetaiotaomicron or C. minuta and cultures after FACS, antibiotics 

(penicillin G potassium salt (0.1 mg/ml) and streptomycin sulphate (0.1 mg/ml) were 

added to the media directly before sample inoculation. For further reduction of 

antibiotic resistant bacteria, lysozyme (0.5 mg/ml; all substances: Carl Roth GmbH + 

Co. KG, GER) was added after each culture transfer.  

For further purification of the methanogens, dilution series from 10-1- 10-13 were 

performed under anaerobic conditions. Growth was usually observed up to a dilution 

of 10-7 and 10-8. After one week of incubation (37 °C, 80 rpm shaking speed) the CH4 

levels of positive growth cultures were measured and cultures were evaluated further 

via fluorescence microscopy.  

 

Sequencing and sequence data analysis 
Two sequencing approaches were followed to assess the composition of the cultures. 

Sanger sequencing was used to identify the (almost) pure archaeal and bacterial 

components of enrichment cultures, whereas Nanopore whole genome sequencing 

was used for a detailed assessment of metagenomic composition and genome 

reconstructions. Details are given in the Supplementary Information file. 
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Scanning electron microscopy (SEM) 
The cell morphology of the enriched archaea and their remaining co-existing bacteria 

was visualized using the Zeiss Sigma 500 VP scanning electron microscope (Carl 

Zeiss AG, GER). Culture samples of 2 ml (with the supernatant not removed) were 

centrifuged at 4000 x g for 10 minutes, and the resulting pellets were handed over to 

the Core Facility Ultrastructure Analysis from Medical University of Graz (Austria) for 

SEM preparation. Briefly, the cells were mounted on coverslips, fixed with 2 % (wt/vol) 

paraformaldehyde in 0.1 M phosphate buffered saline, pH 7.4 and 2.5% 

glutaraldehyde in 0.1 M phosphate buffered saline, pH 7.4, and dehydrated stepwise 

in a graded ethanol series. Samples were post fixed with 1 % osmium tetroxide 

(Electron microscopy Sciences) for 1 h at room temperature and subsequently 

dehydrated in graded ethanol series (30-96 % and 100 % (vol/vol) EtOH). Further, 

HMDS (Merck | Sigma - Aldrich) was applied. Coverslips were placed on stubs 

covered with a conductive double coated carbon tape (40). SEM micrographs were 

taken with an electron voltage of 5 keV and a magnification of 3-21 kX, using the 

secondary electron detector (Zeiss Oberkochen).  
 

Tree calculation, correlations and pangenome analysis 
The ANI (average nucleotide identity) matrix of the genomes (all-vs-all) were 

calculated using the ANI Matrix calculator provided through (http://enve-

omics.ce.gatech.edu/g-matrix/); the resulting phylogenetic tree was annotated using 

itol (41).  

Correlation heatmaps were generated in R. All scripts are provided in our github 

repository (https://github.com/SDMUG/Methanobrevibacter_Enrichment). Statistical 

associations were based on spearman correlations, which are also included in the 

provided script. 

Pangenome analyses was performed using kbase (42) based on RastK annotation, 

the Compute Pangenome and Pangenome Circle Plot (v1.2.0) function, including all 

available high-quality (> 90% completeness and < 10% contamination) M. smithii and 

Cand. M. intestini genomes (this study and (2)), with genomes of Gut_genome132205 

and Gut_genome143185 serving as reference genomes.   
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Genomic, functional annotation and prediction using DeepFRI 
Genome comparison was performed using drep v3.4.2 (43), and genome annotation 

was carried out using eggnog-mapper v2.1.10 (default settings (e-value cut-off 0.001) 

(44–49). Prodigal was used for gene identification. 

To examine the functional differences between M. smithii and Cand. M. intestini as 

well as to explore the differences between functions related to a specific health 

condition, PCoA were performed using a Bray-Curtis distance matrix. The visualization 

was done using the R package ggplot2 (50). PERMANOVA was performed with n=999 

permutations to identify statistical significance in the functional profiles.  

  
For identifying the functions of protein-coding genes in archaeal genomes, protein-

coding genes were first predicted using Prodigal (https://github.com/hyattpd/Prodigal). 

Then, gene sequences translated to amino acids were annotated using a 

metagenomic pipeline (https://github.com/bioinf-mcb/Metagenomic-DeepFRI/) with 

embedded DeepFRI tool (51). The pipeline generated a query contact map using 

results from mmseqs2 target database (https://github.com/soedinglab/MMseqs2) 

searching for similar protein sequences with known structures. Next, the contact map 

alignment was performed to use it as input to DeepFRI Graph Convolutional Network 

(GCN) and annotations without matches to known structures were processed with 

Convolutional Neural Network (CNN). DeepFRI version 1.1 was used in this study; in 

version 1.1 we retrained the original DeepFRI architecture using high-quality models 

from the AlphaFold Database, thus increasing the number of functions the method can 

predict by up to 4x (52). For medium quality (MQ) and high quality (HQ) annotation, 

scores higher than or equal to 0.3 and 0.5 were used, respectively. For selected genes, 

a structure prediction was performed using AlphaFold database (52,53), followed by 

DeepFRI annotation (https://github.com/SDMUG/Methanobrevibacter_Enrichment). 

Wordclouds were generated using the pip package 

(https://pypi.org/project/wordcloud/).  

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 11, 2024. ; https://doi.org/10.1101/2024.04.10.588852doi: bioRxiv preprint 

Community metabolic modelling for cross-feeding prediction

136



14 

Results  

Set-up of a cultivation workflow and selection of bacterial syntrophic 

partners based on in silico predictions 

 

For the cultivation of archaea from human fecal samples, we followed a combined 

strategy of: i) Providing in silico-customized media, partially including selected 

bacterial syntrophic partners to facilitate Methanobrevibacter growth, ii) pre-selection 

of sample donors for CH4 exhalation and such a higher methanogen load, iii) rigorous 

and standardized screening of enrichments for CH4 production and presence of 

(unique) methanoarchaeal key genes, and iv) FACS and antibiotic treatment for the 

mechanical and chemical enrichment of methanogens from the bacterial background 

of syntrophic partners or fecal samples. An overview of this strategy is provided in Fig. 

1. 

C. minuta and B. thetaiotaomicron were selected as potential bacterial syntrophic 

partners, based on previous reports of successfully established co-cultures with 

Methanobrevibacter species (22,23), and the observed co-occurrence in 

metagenomic datasets (21). Both species, C. minuta and B. thetaiotaomicron, were 

reported to provide hydrogen, acetate and possibly other metabolites to the archaeal 

partners, with C. minuta reported to be more efficient than B. thetaiotaomicron (23). 

Nevertheless, we performed a more detailed prediction of the metabolic capacities of 

both bacteria to serve as a potential syntrophic partner for Methanobrevibacter 

species.  

Metabolic models were generated for M. smithii, C. minuta and B. thetaiotamicron, 

based on their genomes. At this early stage, Cand. M. intestini was not included in the 

simulations. Single and co-cultures with MS and Mpt1 media were simulated using flux 

balance analysis (FBA). Across all simulated co-cultures, the growth rate of M. smithii 

was increased compared to the single cultures on the same medium.  

This growth boost is enabled by cross-feeding (Supplementary Fig. S5). Multiple 

metabolites could be identified as mediators of these interactions: The bacteria 

commonly provided H2, amino acids (alanine, lysine, glutamine, cysteine), 

nucleobases and nucleosides (uracil, inosine, adenosine, deoxyguanosine, 

xanthosine), vitamins and coenzymes (menaquinone 7, coenzyme A, NAD), as well 
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as fructose, glycerol, formate, putrescine and ethanol (all output files are provided in 

our github repository). Based on the simulations, both B. thetaiotamicron and C. 

minuta were predicted to be fitting partners for M. smithii, without clear preference for 

either. As such, both bacteria and both media were selected for the enrichment 

cultures. 

FACS was established based on the autofluorescence of coenzyme F420 (39). Stool 

samples, and also methanogenic reference strains (see Materials and Methods) were 

used to identify the optimal sorting conditions, which were then applied to enrichment 

cultures.  

 

Efficient enrichment of novel Methanobrevibacter from donors 

with detectable archaeal microbiome signatures  

Fecal samples from all 16 study participants (Supplementary Table S1) were 

processed for enrichment of methanogenic archaea using suitable media with and 

without additionally added bacteria (see workflow overview Fig. 1). Overall, 8/8 

samples of the healthy cohort and 6/8 of the diseased cohort yielded CH4-positive 

cultures (88% of all samples). Some samples yielded several enrichment cultures by 

different approaches (e.g. P15 and P86).  

After initial pre-selection for unique methanoarchaea (according to their mcrA gene 

sequence) of all CH4-positive cultures, enrichment cultures of 14 participant samples 

were processed further (Table 1). FACS and visual monitoring for potential purity was 

performed, and after a minimum of 20 transfers they underwent Nanopore-based 

whole genome sequencing. An overview of the cultivation workflow and sequencing 

results (including taxonomic classification through kraken2/bracken) for each 

individual sample is provided on our github repository.  

At this stage, 12 of 16 enrichment cultures were dominated by Methanobrevibacter 

representatives. In more detail, eight were predominated by M. smithii, and three by 

Cand. M. intestini. Further, two bacteria-dominated enrichment cultures (P51 and P46) 

contained a substantial amount of Cand. M. intestini (Fig. 2).  

Notably, the dominance of either methanoarchaeon was evident in the original 

microbiome profiling. Samples where Cand. M. intestini was predominant in the 

profiling, exhibited similar dominance of this microbe in subsequent cultivation 
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attempts. Remarkably, both Methanobrevibacter species were present in all samples 

initially. Yet during the enrichment process, one of these archaea emerged as the 

predominant species, consistent with their original relative abundance (Table 1). 

However, in the case of sample P86, we achieved successful enrichment of both 

Methanobrevibacter species separately (Fig. 2).  

 

Table 1: Overview of participants, their health status, the derived cultures and the outcome of the metagenomic 
profiling of the original fecal sample. CD: Crohn’s Disease, IBS: Inflammatory Bowel Syndrome, Lactose I: Lactose 
intolerance, Fructose I: Fructose intolerance, SIBO: Small Intestinal Bacterial Overgrowth. CH4 analysis indicated 
the presence of methanogenic archaea in the participant’s microbiome. Derived cultures are labeled according to 
the participant number, the culture medium (MS: MS medium, MpT1: MpT1 medium), and the supplementation with 
B. thetaiotaomicron (B.t.). Additional genomes acquired through dilution series are annotated with +DS. The 
predominant archaeon as detected through Nanopore sequencing is given, and the outcome of the CH4 
measurement of the cultures 10 days of incubation at 37°C.  The metagenomic information of the original fecal 
sample was analyzed with respect to the relative abundance of Bacteria, Archaea, M. smithii and Cand. M. intestini.  
 

PARTICIPANTS CULTIVATION METAGENOMIC PROFILING 

# Disorder breath CH4 
[ppm] Cultures Predominant 

archaeon CH4 [%] Bacteria 
[%] 

Archaea 
[%] 

M. smithii 
[% of 

archaea] 

Cand. M. 
intestini [% 
of archaea] 

P15 None 30 
P15 (MpT1 / B. t.)  M. smithii 16.5 

99.76 0.24 88.8 5.1 
P15 (MS / B. t.) M. smithii 20.7 

P20 None 17 P20 (MS / B. t.) M. smithii 22.2 99.82 0.18 76.5 3.5 

P31 None 70 P31 (MS / B. t.)  M. smithii 23.6 n.a. 

P32 None 44 P32 (MS / B. t.) M. smithii + DS 23.4 99.87 0.13 90.8 6.3 

P45 None 16 P45 (MS / B. t.) Cand. M. intestini 23.8 99.84 0.16 7.9 79.5 

P46 None 21 P46 (MpT1 / B. t.) Cand. M. intestini 24.2 99.49 0.51 8.6 89.9 

P51 None 28 P51 (MS / B. t.) Cand. M. intestini 5.5 99.96 0.04 6.5 83.1 

P82 None 22 P82 (MpT1) Cand. M. intestini 25.2 n.a. 

P34 
CD, flatulence, 
abdominal pain 22 n.a. n.a. n.a. n.a. 

P48 IBS 26 P48 (MpT1 / B. t.) M. smithii 22.2 99.66 0.34 94.0 5.3 

P61 
IBS, Lactose I, 

SIBO 21 P61 (MpT1) M. smithii 23 n.a. 

P66 Lactose I  55 P66 (MS / B. t.) M. smithii 
Cand. M. intestini 21.8 99.16 0.84 94.6 4.8 

P85 CD 6 n.a. n.a. n.a. 99.99 0.01 0 0 

P86 Lactose 
intolerance 13 

P86 (MS / B. t.) Cand. M. intestini 
+ DS 22.4 

99.99 0.01 63.9 3.8 
P86 (MS) M. smithii + DS 21.1 

P88 
IBS, lactose I, 

fructose I 8 P88 (MS) M. smithii 22.3 99.87 0.13 72.4 3.8 

P89 
IBS, lactose I, 

pancreatic inflam. 10 P89 (MS / B. t.)  Cand. M. intestini 21.2 99.78 0.22 5.6 88.6 
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Figure 2: Classified taxa and their relative abundance by Kraken2/bracken output with confidence score 
of 0.3, before dilution series. M. smithii is shown in green and Cand. M. intestini in yellow. All original 
bracken reports are provided in our github repository.  
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Noteworthy is the observation that samples P34 and P85 failed to yield archaeal 

cultures, despite positive methane breath test results of the donors (Table 1). While 

microbiome profiles were accessible for P85 (P34 had to be excluded due to technical 

reasons), it was evident that this individual lacked archaeal signatures, suggesting an 

alternative source of methane production, such as undetected methanogens in the 

oral cavity or small intestine. It shall be noted that these two individuals were the only 

ones with Crohn’s disease included in this study. It is indeed known that Crohn’s 

disease patients have a reduced amount of archaea in their GIT (54).  

To further purify the obtained enrichments and obtain monocultures of the 

methanogens, subsequent dilution series were and are being performed in 

combination with consequent antibiotics and lysozyme treatment (see Materials and 

Methods), leading to a substantial improvement of culture purity later on (e.g. P32: 

from 32.23 % M. smithii to 95.05 %; P 86 (MS + B.t.): from 80.48 % Cand. M. intestini 

to 98.4 %; Supplementary Table S3). Enrichment culture P45 (Cand. M. intestini) has 

meanwhile been obtained as a pure culture.  

 

We further visually examined the enrichments with Scanning Electron (SEM) and 

fluorescence microscopy. The SEM micrographs revealed the presence of mainly 

short rods (single or in chains) in each of the enrichment cultures, representing the 

known morphology of Methanobrevibacter species. Some rods appeared very bloated, 

as shown in Fig. 3 (arrows). All cultures were dense and revealed the presence of 

numerous, actively dividing cells. In agreement with the SEM examinations, we 

observed cells with Methanobrevibacter-typical morphology displaying the F420 

autofluorescence in all cultures (Supplementary Figure S6).  
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Figure 3: SEM micrographs visualizing the cell morphology of enriched archaeal cultures (M. smithii, 
Cand. M. intestini) with co-enriched background bacteria. A: enrichment culture P86, predominated by 
M. smithii. B: enrichment culture P89, predominated by Cand. M. intestini. C: enrichment culture P31, 
predominated by M. smithii. D: enrichment culture P51, presence of Cand. M. intestini. E: enrichment 
culture P86 (MS + B.t.), predominated by Cand. M. intestini, enlarged for better visibility of different cell 
phenotypes. Some rods appear bloated (arrows).  
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Bacteroides thetaiotaomicron, but not Christensenella minuta, 
is a potent syntrophic partner for selective archaeal enrichment  
 

Methane, being uniquely produced by methanogens, serves as an indicator for their 

presence in cultures. We noted the presence of CH4 in cultures grown in MS medium 

with and without supplementation with B. thetaiotaomicron after four days of 

incubation. Similarly, CH4 was detected in cultures grown in MpT1 medium, with or 

without supplemental B. thetaiotaomicron albeit only after 10 days of incubation. 

The addition of B. thetaiotaomicron demonstrated a beneficial impact on the efficiency 

of our enrichment approach. Its presence either had no discernible effect on 

methanogen enrichment (as evidenced by 12 out of 16 positive enrichment 

experiments with or without B. thetaiotaomicron concurrently) or resulted in an 

additional strain (P66) not obtained in the abiotic medium (Fig. 2). 

However, cultures with additionally added C. minuta always remained CH4 negative 

(up to 8 weeks of incubation). Also, no autofluorescence of coenzyme F420 could be 

detected for these cultivation attempts. This finding was unexpected, as C. minuta had 

been described as an efficient syntrophic partner of M. smithii (23) and we had 

originally expected positive effects in supporting the growth of these methanogens by 

providing C. minuta in the medium.  
 

Co-enriched bacteria give indications on bacterial partners 
within the gastrointestinal microbiome 
 
Methanobrevibacter species were enriched with background bacteria from the fecal 

samples. Interestingly, enrichment cultures with a predominance of M. smithii 

(Supplementary Figure S7) showed only a few significant, weakly positive correlations 

with specific background bacteria, such as Phocaeicola dorei (q=0.022052; rs=0.3641) 

and UMGS75 sp900538885, a so-far uncultivated Bacilli (q=1.389*10-9; rs= 0.4242; 

Spearman correlation and Benjamini Hochberg correction).  

A number of negative associations of M. smithii were observed, including all 

Bacteroides (e.g. B. cellulosilyticus, q=3.2267*10-6; rs=-0.4112) and E. coli species 

(e.g. E. coli_D, q=7.8638*10-8; rs= -0.4926). These were, however, significantly 
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positive with Cand. M. intestini (B. cellulosilyticus, q=0.002058; rs= 0.4828; E. coli_D, 

q=0.002042; rs= 0.2172; Supplementary Table S4; Supplementary Fig. S7A)  

Actually, in all found significant associations (Supplementary Fig. S7B), the 

Methanobrevibacter species showed opposed preference for bacterial partners, 

indicating a somewhat different niche preference in the gastrointestinal setting. Also, 

M. smithii showed numerous negative correlations, whereas Cand. M. intestini, 

showed mostly positive correlations to co-cultivated bacteria (Supplementary Fig. 

S7B).  

Notably, B. thetaiotaomicron, although provided in the culture flasks to allow 

enrichment, was no longer predominant at later stages of the cultivation, indicating 

that the beneficial effect was rather on pre-priming the medium for methanogenic 

growth, which was also visible via the faster growth of Methanobrevibacter (increased 

CH4 content after four days of incubation).  

Although both methanoarchaeal species (M. smithii and Cand. M. intestini) co-exist in 

original gastrointestinal samples (3), their growth in the enrichment cultures was 

significantly negatively correlated (Spearman correlation, rs= -0.6559, q=1.967059*10-

7), indicating a competitive behavior, at least under the cultivation conditions applied.  

Cultured archaea represent nine novel, thus far uncultivated 

Methanobrevibacter strains 

From all enrichment cultures, the respective archaeal genomes could be recovered by 

Nanopore sequencing and genome assembly (see Material and Methods). A summary 

of the genome classification according to the GTDB database, as well as the checkM2 

output representing genome completeness and contamination can be found in 

Supplementary Table S5. The obtained genomes were placed in the context of 

available genomes from human-associated Methanobrevibacter strains for further 

analysis (2) (list of genomes provided in Supplementary Table S6; all genome 

sequences are available through our github repository).  

In general, we preserved genomes from nine M. smithii and eight Cand. M. intestini 

strains. From the Cand. M. intestini clade, we obtained overall four different strain-

clusters (cutoff: 99% similarity; Figure 4; MIC-1 to MIC-4), while five clusters were 

obtained from the M. smithii clade (MS-1 to MS-5). All of these clades, except one 

(MIC-1) represent so far unknown genomes (below 99% identity compared to 1,167 
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genomes available; ANI values and matrix are given in Supplementary Table S7-S8; 

(2)). All strains had no cultivated representative thus far, indicating that our enrichment 

strategy is well suited to expand the cultivable Methanobrevibacter diversity.   

 
Figure 4:  Maximum Likelihood phylogenetic tree calculated based on ANI, retrieved by the comparison 
of all cultured Methanobrevibacter (red letters) and already available genomes from isolates and MAGs 
(Supplementary Table S6). The M. smithii clade is indicated with a green background color; the Cand. 
M. intestini is shown with yellow background color. Cultures are accompanied by additional information 
on their source (healthy/ diseased donor, and culture conditions). Clusters representing one strain are 
indicated by black boxes (Supplementary Table S8).   
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Differences of Methanobrevibacter smithii and Candidatus 
Methanobrevibacter intestini isolates revealed through 
sequence- and structure-based annotation 
M. smithii and Cand. M. intestini show various differences in their genomic inventory 
(2). Based on the sequence-based annotation obtained through eggNOG profiling, our 
findings here corroborate this observation. Including only high-quality genomes (> 
90% completeness and < 10% contamination), we identified a significantly different 
functional profile (PERMANOVA, Ft = 2.2927, R^2 = 0.12533, Pr(>F) = 0.002) among 
our enriched Methanobrevibacter representatives, clearly separating the two species 
(Supplementary Fig.S8). The analysis included reference genomes of M. smithii 
(Gut_genome132205; DSM2374) and Cand. M. intestini (Gut_genome143185; 
WWM1085; Supplementary Table S6-7).  
The most discriminative genes of all obtained genomes (present in ≥ 90 % or ≤ 10 % 
of the genomes) are shown in Table 2.  
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Table 2: Summary of the most discriminative genes found in genomes of M. smithii and Cand. M. intestini. Table shows 
counts and percentages of genomes in which the respective function is present. Distinguishing characteristics derived 
from high-quality genomes are emphasized in bold. P: Inorganic ion transport and metabolism, I: Lipid metabolism, S: 
Function unknown, K: Transcription, F: Nucleotide transport and metabolism, G: Carbohydrate transport and 
metabolism, C: Energy production and conversion, H:  Coenzyme transport and metabolism, Q: Secondary metabolites 
biosynthesis, transport and catabolism. N.d.: not done. **: High quality annotation (annotations with score ≥ 0.5); *: 
medium quality annotation (annotations with score ≥ 0.25) 
 
 

eggNOG 
orthologous 

groups  

Prevalence in M. 
smithii genomes 

Prevalence in Cand. M. 
intestini genomes 

COG 
category 

Genomic annotation 
(EggNOG) Functional annotation (DeepFri) 

count 
(total/ 

present) 

present in 
% of 

genomes  

count 
(total/ 

present) 

present in % 
of genomes  

COG0725 12/12 100 0/10 0 P 
ABC-type molybdate 

transport system, periplasmic 
component (modA) 

ion binding (GO:0043167)** 

COG4149 12/12 100 0/10 0 P 
ABC-type molybdate 

transport system, permease 
component (modB) 

regulation of metabolic process 
(GO:0080090)*/**;  

catalytic activity (GO:0003824)**;                                        
membrane-associated (GO:0016020)** 

2EI95 12/12 100 1/10 10 F/G unknown function nucleotide-sugar transmembrane 
transporter activity (GO:0005338) ** 

COG4925 11/12 91.67 1/10 10 I 
sulfurtransferase activity; 
cyclophilin-like domain-

containing protein 
transferase activity (GO:0016740) 

COG0586 0/12 0 10/10 100 S 
Uncharacterized membrane 

protein DedA, SNARE-
associated domain 

nd 

COG2076 0/12 0 10/10 100 P Membrane transporters of 
cations and cationic drugs nd 

arCOG00818 1/12 8.33 10/10 100 S AbrB family transcriptional 
regulator nd 

2AVB5 0/12 0 9/10 90 F/G unknown function nucleotide-sugar transmembrane 
transporter activity (GO:0005338) 

2C5WB 0/12 0 9/10 90 CHQ unknown function 
oxidoreductase (GO:0016491);                                                           

oxalyl-CoA decarboxylase activity 
(GO:0008949) 

2DDW5 0/12 0 9/10 90 G unknown function 

glycosyltransferase activity (GO:0016757);                                       
oxidoreductase (GO:0016616) involved in 

the steroid biosynthetic process 
(GO:0006694) 

COG5015 0/12 0 9/10 90 S Pyridoxamine 5'-phosphate 
oxidase family nd 

COG1733 0/12 0 9/10 90 K HxlR-like helix-turn-helix nd 

 
 
As typical for archaeal genomes, a high number of proteins cannot be assigned to a 
function (54% across 1.8 million proteins from 1,167 genomes; (2)), due to missing 
databases and mechanistic information. For that reason, we performed a structure-
based protein function prediction via DeepFRI which is reliant on Alpha-fold (51) for 
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the most discriminative functions. By doing so, three previously unknown functional 
genes (2AVB5, 2C5WB and 2DDW5) from Cand M. intestini could be annotated (Table 
2). Frequencies of the occurring GO terms in annotations are shown as word clouds 
in Supplementary Fig. S9.  
Most discriminative functions were involved in substrate/ ion transport, such as for 
molybdate, as all M. smithii genomes analyzed in this study carried the modA and 
modB subunits for the ABC (molybdate) transporter. ModA binds molybdate and 
tungstate with high affinity, and together with ModB transport permease protein is 
widely distributed across methanogens. Molybdopterin is an important cofactor for the 
formate dehydrogenase, indicating some difference in the formate metabolism of both 
species (55). Indeed, differences in the behaviour of formate metabolism in Cand. M. 
intestini was found, as it, in contrast to M. smithii strains, accumulated formate in its 
medium, although the formate dehydrogenase and formate transporters are coded in 
its genome (33). Further, unique nucleotide-sugar transmembrane transporters for 
each species were identified through DeepFri annotation.  
Another finding was the potential presence of an oxalyl-CoA decarboxylase in the 
Cand. M. intestini; these enzymes are highly important to eliminate oxalates from 
human diet contained in e.g. coffee, tea and chocolate (56), and would allow for the 
release of CO2 and formyl-CoA (https://www.ebi.ac.uk/QuickGO/).  
 
Although Cand. M. intestini genomes were somewhat larger (1.8 Mbp) compared to 
M. smithii (1.7 Mbp; see also (2)), the overall gene count was similar (~1,900 genes 
per genome). The percentage of core genes was also very similar (66.39% for M. 
smithii; 66.61% for Cand. M. intestini), but variations were observed in the percentage 
of non-core functions (27.79% and 29.47, respectively) (Supplementary Figure S10). 
Notably, the representative Cand. M. intestini genome (Gut_genome132205) revealed 
double the amount (n=36) of genes involved in defense mechanisms than the 
representative genome of M. smithii (Gut_genome132205, DSM2374, n=18). The 
additional genes included mainly CRISPR-associated proteins or genes involved in 
Type I restriction modification (Supplementary Table S9), indicating a potentially more 
competitive environment for Cand. M. intestini (Supplementary Fig. S11)  
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Functional annotations indicate potential differences of 
Methanobrevibacter species according donor health status  
We explored the functional profiles of the archaeal cultures obtained from both healthy 
and diseased participants. This analysis excluded all reference genomes due to the 
unknown health status of the source individuals and thus only initial insights can be 
retrieved.  
Overall, Methanobrevibacter genomes of healthy and diseased individuals did not 
differ significantly (Supplementary Fig. S12, eggNOG annotation), but the Cand. M. 
intestini population revealed variances according to the health status of the respective 
donor. Some potential unique functions for representatives stemming from the 
diseased (n=4) and healthy cohort (n=4) could also be identified (Supplementary Table 
S10). Unique functions found in Cand. M. intestini genomes from subjects with 
gastrointestinal issues were mainly CRISPR-associated proteins (arCOG05124: 
CRISPR-associated protein TM1802 (cas_TM1802)); COG3649: (CRISPR-
associated protein Cas7)). Three unresolved annotations (arCOG07602, 2DP7E, 
2DQUR) were further tackled through structure-based function prediction and 
identified functions involved, amongst others, hydrolase activities (Supplementary Fig. 
S13-14; Supplementary Table S10).  
In general, the identified functions (DeepFri) for the unique COGs of Cand. M. intestini 
genomes derived from the diseased participants were mainly related to 5'-3' nuclease 
activity, RNA polymerase activity and DNA polymerase complex, suggesting the 
alteration in gene expression, with the metabolic functions being mainly 
organonitrogen compound biosynthesis and macromolecule metabolism (HQ 
annotations only; Supplementary Fig. S15).  
However, the Cand. M. intestini genomes obtained from the healthy cohort revealed a 
higher number of unique functions, in particular when DeepFRI-based annotation was 
performed. Annotations exclusive to healthy cohorts included a wider range of 
functions, e.g. peptidase regulation, lipid metabolism, glycosyltransferase, 
methyltransferase and nucleotidyltransferase, as well as regulation of signal 
transduction and cell communication. Other annotations were associated with 
functions associated with membrane, cytoskeleton and chromatin (Supplementary 
Fig. S15).  
In summary, genes unique to the Cand. M. intestini genomes preliminarily identified in 
the healthy cohort in this study, encode a broad range of functions (cellular processing, 
metabolism, information storage and processing), whereas genes unique to the 
diseased cohort were mainly involved in CRISPR activities, DNA and RNA processing 
(Supplementary Fig. S15), warranting a closer look into this matter with additional 
cultures and genomes.  
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Discussion 
Despite acknowledging archaea in the human gut microbiome for over 40 years (14), 
our understanding of their functions and roles are still limited. The major bottleneck is 
the rare availability of cultivable representatives that would allow for deeper, 
mechanistic, comprehensive analyses, including multi-omics and interaction studies 
(57). 

Development of an efficient cultivation procedure 

In this study, we developed a targeted culturing procedure to efficiently enrich and 
isolate methanogenic archaea from human fecal samples. This approach enabled the 
stable cultivation of several M. smithii and Cand. M. intestini strains from participants 
with varying health conditions, facilitating genomic and functional comparisons. These 
cultures include nine previously uncultivated strains, with only one revealing overlap 
with one of more than 1,000 recently recovered metagenome assembled genomes 
(2).  

From all donors, except Crohn’s disease patients, stable methanogen cultures could 
be recovered, which is a proof of the efficient enrichment pipeline. Such high efficiency 
could even allow personalized archaeome studies based on individual microbiomes.  
 

Growth inhibition by C. minuta 

(Human) methanogens often rely on syntrophy with bacterial partners that provide 
small carbon compounds and hydrogen for methanogenesis (58).  In particular 
Christensenella and Bacteroides species were considered as potent partners, as they 
generally correlate positively with Methanobrevibacter species in natural gut 
microbiomes, in previous experiments (23) and confirmation through in silico modeling 
(22) (and this study). In our targeted approach, we utilized this positive interaction and 
added both bacterial species to the culture media in order to induce the low levels of 
methanogens to grow, as it has been proposed earlier (57). Nevertheless, in contrast 
to cultures in which B. thetaiotaomicron was provided as syntrophic partner, all our 
enrichment attempts remained methane- and methanogen-negative when C. minuta 
was added, indicating a potential competition under the artificial culture-media 
conditions, despite their re-current co-existence in natural gastrointestinal 
microbiomes (3,21). Pre-priming of the media with B. thetaiotaomicron, however, was 
slightly advantageous, as one Methanobrevibacter strain could only be cultured with 
its addition. 

Co-enriched bacteria from human GIT microbiome 

Besides those known interaction partners, we co-enriched background bacteria from 
feces, which might give indications on potential, natural bacterial interaction partners 
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within the GIT microbiome. In contrast to M. smithii enrichments, Cand. M. intestini 
was revealing a strong co-occurrence with bacteria, such as E. coli and Bacteroides 
species. Both bacterial taxa produce a variety of substances from more or less 
complex sugar components, such as succinate, formate, acetate, lactate and ethanol 
(59,60). This indicates a potential dependency of Cand. M. intestini on these or other 
components that are not well provided in the medium, or an inhibition of M. smithii by 
those or other components.  

Retrieval of pure cultures 

The provision of syntrophic partners, as well as the co-enrichment of bacteria from the 
original samples results in a minor, but stable background contamination in the 
enrichment cultures. To obtain final pure cultures, this background contamination has 
to be removed, by e.g. using optical tweezers, micromanipulators, encapsulation 
methods or high-throughput single cell isolation (57). In our case, we used a 
combination of antibiotics/lysozyme treatment and dilution series, which substantially 
improved the archaeal predominance, and meanwhile led to the first pure isolate of a 
novel Cand. M. intestini strain (P45).  

As all enrichment cultures are very stable and maintained for months and >50 transfers 
in our laboratory now, we also might have to consider that some co-cultures that resist 
clonal purification, are reliant on the archaeal-bacterial interaction, i.e. by syntrophy or 
any other mechanisms. Co-cultures reflect natural conditions to a greater extent, and 
creative solutions are needed to still obtain pure cultures (61,62), which are, for 
example, a prerequisite for the inclusion of these organisms in a culture collection. 
However, providing these strains to the scientific community is a declared goal, in 
order to extend the wealth of available Methanobrevibacter isolated from the human 
gut for future mechanistic studies. 

Insights into the genomes and advantages of structure-based predictions 

M. smithii and Cand. M. intestini stand out as distinct species, characterized by unique 
microbial networks, physiological roles, and genomic potentials (33,63). Like many 
other archaea, much of their genetic landscape remains unexplored, as a significant 
portion of their genes lack annotation, and genetic models are yet to be established. 
To delve deeper into their characteristics, we employed structure-based predictions to 
complement sequence-based tools for annotation (64). As previously observed (65), 
also archaeal COG groups when further annotated using DeepFRI (51), exhibit 
enhanced accuracy and coverage of annotated functions compared to orthodox 
orthology-based methods. As such, we were able to retrieve a higher resolution in the 
distinction of M. smithii and Cand. M. intestini genomes, and identified some novel 
functions (such as the putative oxalyl-CoA decarboxylase) that could be relevant for 
the gastrointestinal ecosystem.  
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The role of methanogenic archaea for health and disease are still a matter of ongoing 
studies (summarized in (3), and (18)). In particular, the role of Cand. M. intestini 
remains to be explored, as earlier studies could not resolve both species separately, 
due to the high sequence similarity in the 16S rRNA gene (33). In our study, the 
number of participants and the subsequent cultures and genomes was quite low, so 
that a relevance of either species for disease/health cannot be concluded at this stage. 
Nevertheless, structure-based analyses of the clusters of orthologous groups of the 
Cand. M. intestini genomes revealed some differences based on the health status of 
the donor, with a broader variety of functions associated with the healthy phenotype, 
and a number of functions associated with CRISPR, and DNA/RNA processing in the 
diseased phenotypes, lacking also a clear indication of their subcellular location, which 
might indicate a potential foreign origin (e.g. phage/virus). These results should be 
considered as preliminary evidence, showcasing the potential lying in the cultures and 
genomes, but also emphasizing the need for further investigation. 

Conclusion and outlook 
In this study, we have successfully extended the cultivable human archaeome through 
a targeted cultivation approach that relied on a strategic selection of samples and 
optimized culture conditions including syntrophic bacterial strains. This approach 
facilitated the growth of Methanobrevibacter species, resulting in the stable cultivation 
of nine novel strains belonging to the two major archaeal species in the human 
gastrointestinal ecosystem, namely M. smithii and Cand. M. intestini. The derived 
genomes can be used to obtain first insights into the physiology and functions that 
might be relevant for human health or disease.  
Furthermore, our method has proven highly efficient, as evidenced by ongoing work 
in our laboratory, as we were able to enrich methanogens even from individuals with 
methane content below 5 ppm in their breath. This highlights the robustness of our 
approach and its potential for widespread application.  

Our work opens the way for comprehensive analyses that promise to deepen our 
understanding of methanogen dynamics within the human gastrointestinal tract. 
Expanding the public isolate collection is essential for gaining further insights into the 
roles of methanogens in the human microbiome. 

 
 

Data availability 
All used and created data is made publically available on our github repository: 
https://github.com/SDMUG/Methanobrevibacter_Enrichment 
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A. Appendix

A.5.4. Supplementary data

Supplementary data are available under:
https://www.biorxiv.org/content/10.1101/2024.04.10.588852v1.supplementary-material
https://github.com/SDMUG/Methanobrevibacter_Enrichment
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