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General introduction
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Metabolism is one of the main defining features of life on our planet. All cells are home
to an integrated series of biochemical reactions that generate energy and provide the
building blocks to assemble molecular structures. Cellular functions, such as replication,
movement, and biotransformation often require energy and are mostly performed by
molecules assembled from building blocks of amino acids, sugars, lipids, and nucleic acids.
These fundamental building blocks are made of carbon (C), hydrogen (H), oxygen (O),
nitrogen (N), sulfur (S), and phosphorous (P). Metabolic reactions continuously cycle these
elements from the inorganic gases and minerals of the geosphere through the biomass of
living cells at different trophic levels. Metabolism is thus fundamental to provide a consistent narrative of the physiology and ecology of cellular life in terms of the flow of energy and matter. For this narrative to be coherent, one must take into account the historical
context of life on earth.
As first suggested by Charles Darwin [1] and majorly confirmed by the nearly two centuries of research into the origins of life, all extant organisms descended from a common
ancestor [2]. This observation provides a unifying principle to biology. While life on earth
exhibits dazzling diversity, it is ultimately the study of what has once been a single lineage. All variation thus occurred in a spatially and temporally consistent fashion and from
preexisting structures, being subject to historical contingency [3–5]. The biochemical reactions that are currently performed by the organisms of our planet contain many of the
footprints of the historical evolutionary process that has constrained and shaped all life
on earth.

Variation and regularities in evolution
The theory that life evolved from a single lineage implies a notable duality. While the
mechanisms of diversification are vast and exhibit a virtually infinite sample space, for instance, the space of all possible amino acid sequences or metabolic reactions, wellconserved regularities are frequently observed. Some of the most remarkable examples of
these regularities are the universal features shared by all living cells [6], namely, the storage of heritable information in the form of double-stranded DNA, the replication of DNA
by template polymerization, transcription of DNA into RNA, the translation of RNA into
proteins, the use of proteins as catalysts, the maintenance of internal far-from-equilibrium
conditions that require free energy to be established, and the use of the same basic building blocks to assemble the structural and functional components of cells. These regularities exist as living fossils of some point in time from where candidate variations have not
replaced the existing ones, and are precisely what allow us to infer a common ancestor
for all of life on Earth.

Origins and universal pattern of microbial metabolism
Conserved universal patterns present in the metabolism of microbes help reconstruct the
history of how terrestrial life started and diversified. The basic outline of present-day metabolism is the cycling of chemical energy within chains of redox reactions that assemble
and interconvert organic compounds. Similarly coupled reactions likely emerged spontaneously in the primitive earth [7], even before cells or complex polymers appeared. Possible
environments for the emergence of primitive metabolic cycles are the hydrothermal vents.
These ecosystems are formed by the fissures between tectonic plates where hot magma
encounters the cold ocean water [8, 9]. A notable feature of these environments is that
they sustain far-from-equilibrium conditions over geological time. In such conditions the
12
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Introduction

reduction of CO2 to organic C1 compounds is thermodynamically favorable. Additionally,
the presence of available inorganic catalysts allows CO2 reduction to occur at representative rates, generating significant amounts of C1 compounds [10].
While the precise context for the emergence of metabolism on our planet is far from
solved, experimental evidence suggests that the specific conditions of the hydrothermal
vents sustain a sequence of reactions fossilized in the core carbon and energy cycles of
today’s acetogens and methanogens [11]. These microorganisms are currently found in
many different anoxic environments. Starting from the availability of H 2, CO2, and transition metals (Fe0, Ni0, Co0) from the earth’s crust, key metabolites of the reductive acetylCoA pathway are spontaneously produced in the laboratory [11, 12]. Although components of other pathways such as the reverse Krebs’s cycle (rTCA) are also readily synthesized with metal catalysts in conditions that mimic the primitive earth [13], the reductive
acetyl-CoA pathway is an attractive candidate for the ancestral metabolic network since
its key enzymes are found in phylogenetic reconstructions of the protein content of the
last universal common ancestor (LUCA) [14, 15]. Even today, this pathway is the only carbon fixing pathway found in both bacteria and archaea and is also the only pathway that
simultaneously supplies a complete set of the most elementary ingredients of metabolism,
i.e. reduced carbon, electrons, and ion gradients [12]. The key enzymatic step in this pathway is performed by a cluster of two enzymes, the CO dehydrogenase/acetyl-CoA synthase (CODH/ACS). This cluster converts CO2 to the carbonyl group of acetyl-CoA by a series of organometallic steps, catalyzed by its NiFeS cluster[16], suggesting that these early
enzymes are reminiscent from the transition of geochemistry to biochemistry [17].

1

Beyond carbon fixation, other checkpoints and patterns are preserved as historical contingencies of metabolic networks. The transition from geochemistry-based to biochemistrybased metabolic cycles was likely a stepwise process driven by simple catalysts and small
organic molecules [18]. Amino-acids and random oligopeptides are the likely candidates
for the primordial organocatalysts [19]. In current cells, most metabolic reactions are catalyzed by proteins and often require helper molecules, named cofactors. Ancient processes,
such as the aforementioned LUCA’s reductive acetyl-CoA pathway are performed by enzymes with the help of inorganic cofactors, indicating that early life possibly incorporated
and enhanced reactions from the geosphere. It seems plausible that at the onset of metabolism a primitive form of natural selection could have already been in place, selecting
for more efficient catalysis possibly not at the level of individual reactions, but at the level
of self-reinforcing autocatalytic reaction sets [20].

Autocatalysis and complex interdependencies sustain patterns in local and global
scale
Autocatalysis and complex interdependencies are central properties of life [21] and are
the wide-spread topological patterns of metabolism [18, 22–24]. An autocatalytic cycle is
a chain of connected reactions that produce one or more compounds that enhances its
own production through the cycle. For instance, in glycolysis, a series of metabolic reactions are often connected in such a way that two ATP molecules are consumed in order to
produce four ATP molecules. Reactions and metabolites of the central carbon metabolism
are often part of small autocatalytic cycles [25]. Within a microbial cell, metabolic reactions are chained into sequences of reactions that are interconnected to cycles of metabolic precursors. Ultimately the cell is an autocatalytic unit that collects energy and matter
to form its basic building blocks in sufficient quantity to replicate itself. As we mentioned
above, these building blocks are conserved across all organisms and are formed from sim13
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pler interconvertible compounds. For instance, the 20 amino-acids in Escherichia coli can
be synthesized from six precursors that are obtained either from the Krebs or the Embden–Meyerhof–Parnas pathways. Globally, all known carbon metabolisms funnel to five
compounds, namely pyruvate, oxaloacetate, acetyl-CoA, α-ketoglutarate, and glycine [13,
26]. Metabolic networks synthesize these compounds, either starting from CO2 or by consuming and degrading food sources.

1

Across the biosphere, the flow of energy and matter form global autocatalytic units with
complex and indirect interdependencies. These global autocatalytic units are majorly
based on redox reactions [27] and cycle the C, H, O, N, S, and P, from and back to the geosphere. Global cycling of these elements is not the product of single or even directly related metabolic networks, but is catalyzed by many different species, and microbial consortia. For instance, organic nitrogen is required for all the proteins and nucleic acids in
our planet. It is made available to living organisms through the reduction of N 2 to NH4+.
Biologically, this reaction is catalyzed by a conserved nitrogenase enzyme that is inhibited
by oxygen. NH4+ can be oxidized by specific groups of bacteria or archaea to NO2 and
from there to NO3 by nitrifying bacteria [28]. A third class of bacteria uses NO2 and NO3
as electron acceptors for anaerobic oxidation. This process turns NO2 and NO3 back into
N2 and closes the N cycle. The oxygen-sensitive nitrogenase is a bottleneck in evolution.
Groups of nitrogen-fixing organisms have developed strategies to cope with the presence
of oxygen, for instance by forming symbiosis with legumes that provide them with a nearly anoxic microenvironment in their nodes [29], or by spatially segregating the nitrogenase in special cellular compartments, or even by separating photosynthesis and nitrogen
fixation into day-night cycles to avoid the excess of oxygen generated from photosynthesis [30, 31].

Using metabolic networks to predict patterns in ecology and evolution of microbes
Some of the observed patterns and regularities might not be strict historical contingencies
but are also the only way that things could come about, due, for instance, to thermodynamic or physicochemical constraints. In other words, such patterns would be expected
from any form of life, on earth, or otherwise. Nevertheless, these patterns occur on the
known existing set of organisms and are thus inseparable from the particular history of
life on earth. These patterns are also inseparable from the ecology, habitat, and gene
composition of organisms. In summary, the patterns in metabolism have been shaped by
the historical evolutionary process. Its autocatalytic and complex nature connects organisms into an integrated flow of energy and matter that can be explored at different
scales.
Metabolic reactions are objective representations of some of the most relevant links between the important components of the biosphere. Beyond the immediate connections
to the flow of energy and matter that are directly described by the equations of reactions, most biochemical reactions are catalyzed by enzymes that are coded by genes. The
full set of the genome-encoded enzymes provide a significant insight into the phenotypic
landscape of an organism. Indicating its potential food sources, its biochemical paths, and
suggesting how these are integrated to form the organism’s biomass. Although metabolic
reactions hold the potential of providing detailed mechanistic descriptions of microbial
systems, they are still essentially a parts-list that requires significant effort to assemble into
a biologically coherent picture. Describing high-level patterns of biological systems in
14
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Introduction

terms of detailed metabolic reaction networks is a significant challenge of systems biology, comparable to the challenge of assembling an automobile from the collection of its
pieces, with only some rules of how the pieces are connected. This challenge, nevertheless, holds the promise of revealing important causal connections between general and
recurrent patterns in microbial systems and the detailed flow of energy and matter encoded in microbial genomes.

Different systems are explained by the unifying framework of genome-scale metabolic models

1

In this thesis I explored different microbial systems and seemingly unrelated patterns at
the level of genomes, pan-genomes, and communities, with the unifying framework that
is based on using genome-encoded metabolic reactions as the fundamental building
blocks of each system. Below I will briefly introduce each of the specific patterns that I
investigated.

Pattern I: frequency distribution of genes in pan-genomes
The sequencing of multiple strains of the same species of bacteria and archaea has revealed that closely related genomes often exhibit significant variation in their gene content [32]. The gain and loss of genes, generally termed genome evolution events, is the
major source of variation in the genetic makeup of prokaryote species [33–35]. Due to
the short time scale that genome evolution events occur, the gene content of a prokaryote species is better summarized by the pan-genome, i.e. the set of all genes that are harbored by at least one strain. Pan-genomes can be defined for any taxonomic level in the
tree of life, as long as it encompasses a monophyletic group. An interesting pattern of
pan-genomes is that genes are not uniformly distributed among strains but exhibit a certain frequency distribution. This distribution has led to the separation of pan-genome into
categories. The broadest separation is between “core genes” and “accessory genes”. Core
genes occur in all species of a clade, while accessory genes occur in only a fraction.
A common assumption is that genes with low abundance are dispensable or accessory as
the name suggests, while core genes are essential and irreplaceable. A related common
assumption is that a gene’s frequency can be a replacement for its fitness value [36, 37].
Under this assumption, highly abundant genes offer a selective advantage over the lowly
abundant ones, and have thus been “fixed”. Gene frequency distributions entail a far
more complex reality than these assumptions suggest. Some examples of factors that
complicate the interpretation of gene frequency are, (i) not all genes have an equal probability of being incorporated into any genome and frequency might reflect costs [38] and
barriers to genomic integration rather than fitness; (ii) genes are often parts of pathways
and form complex interdependencies with other genes in the genome in such a way that
its fitness or essentiality depends on the presence of other genes; (iii) the fitness or essentiality of a gene might depend on the environment where the organism thrives. Closely
related organisms that live in different environments might have different sets of essential genes that appear as low-frequency genes in the pan-genomes. In summary, the frequency of genes reflects a complex reality that involves the function of a gene in the context of the other genes in the genome and in the context of the organism’s environment.
15
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Pattern II: metagenomic signatures in human colorectal cancer (CRC)
Here I will briefly explain metagenomic signatures. For a more comprehensive introduction to the field of metagenomics, the reader is referred to the next introductory chapter
(chapter 1.2). For a comprehensive introduction to CRC and the possible roles of bacteria
in the onset and progression of this disease, the reader is referred to chapter 3.

1

Many environments harbor a typical microbiota [39–41]. The definition of “typical” in this
context is not trivial and may refer to a number of consistent patterns measured from the
microbiomes of similar environments. Examples of patterns that delimit a typical microbiome are, the most abundant species, presence or absence of particular species or groups
of species [42], diversity or stability of the community composition [39, 43], presence of
specific genes [44], enrichment of a certain taxonomic group, or even enrichment of gene
functions [42]. Most of these patterns are relative and data-driven. They are found by
measuring many different microbiome samples from the same environment and comparing them to the microbiomes of other environments, without specific knowledge about
the underlying mechanisms that generated the pattern.
A useful feature of identifying the patterns of a typical microbiome is the possibility of
finding perturbations that lead to non-typical microbiomes. The development of CRC is an
example of a perturbation in the colon environment that leads to an altered gut microbiome. Many studies have found consistent differences between the typical gut microbiome
and the gut microbiome of CRC patients [45–49]. These differences are referred to as the
“metagenomic signatures of CRC”. A consistent metagenomic signature of CRC is the enrichment of specific bacterial taxa. Identifying enriched microbial taxa in CRC is an essential first step towards understanding the role of the microbiome in this disease. The next
step is determining if a species inhibits or promotes the development of tumors, or simply
hitchhikes in an already altered environment. An important complementary step is charting and identifying all of the mechanisms that allow bacteria to interact with the colon
tissue in order to promote or inhibit the development of CRC.

Pattern III: species abundance distribution in the metagenomes of the human microbiome
An important pattern observed in a typical microbial community of similar environments
is the species abundance distribution (SAD). SADs are informative high-level descriptions
of biological communities that reflect the combination of the physical, chemical, and biological drivers that determine the relative abundance of the different species over
time. To some extent, the human microbiome exhibits typical SAD profiles for different
body-sites [39]. Although there is a significant inter-individual variation in the microbiomes of specific body-sites, one typically finds that there is more similarity in the microbial
profiles of the same sites measured across individuals then between the body-sites of the
same individual [39]. In contrast, when the same body-site is measured over time, one typically finds significantly more inter-individual variation than intra-individual variation [50].
A multitude of deterministic and stochastic factors shape the SAD of microbiomes over
time. These factors range from the establishment and colonization by different microbial
populations during an individual’s lifetime to the maintenance of a stable community. Disentangling these factors and identifying the drivers that modulate the SAD of microbiomes is a current and exciting challenge of microbiome research. It is useful, for example,
16
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Introduction

for the identification of strategies for the cultivation and modulation of personalized microbiomes.

Thesis outline
In this thesis I used metabolic models, reconstructed from the genome of thousands of
bacteria, to predict and understand different patterns in microbial systems. The patterns I
studied are outlined above and explained in the introduction of each chapter. In each
case, adequate predictive or descriptive models were used to connect systems, patterns,
and metabolic reactions. Chapter 1.2 is a second introductory chapter where most of the
microbial systems that were used in the following studies are reviewed in detail. Microbial
genomics and metagenomics are introduced, as well as patterns in microbial assembly.
The use of simulation and constraint-based models to describe and predict the essential
features of microbial communities and environments is also introduced. Chapter 2 reports
an investigation of the patterns in the dynamics and composition of pan-genomes. Pangenomes are presented as key units of microbial evolution. Genome-scale metabolic models [33] were used as genotype-to-phenotype maps. The pan-genome encoded reaction
pools and alternative routes of reaction losses of 46 bacterial and archaeal families were
simulated in multiple environments. With this framework, the forces that drive the composition of extant reaction networks were identified and the patterns in the size, composition, and diversity of prokaryote pan-genomes were investigated using metabolic networks as proxies for functional genomes. Chapters 3 and 4 report investigations of the
patterns found in metagenomic signatures. These chapters are focused specifically on the
metagenomic signatures of human colorectal cancer (CRC). First experimentally (chapter
3), the potential effect of secreted bacterial molecules and surface proteins in CRC cells
are assessed and associated to bacterial genomes. Next, a framework (chapter 4) that associates metabolites enriched in CRC with the bacteria that are also found to be enriched
in CRC metagenomes is described. This framework is suggested to be generally applicable
to similar studies where signature species have been identified by metagenomics and altered metabolites have been identified by metabolomics. Chapter 5 reports an investigation of the patterns in species abundance distribution in microbiomes. A framework that
predicts the environmental metabolome of microbiome communities is described. This
framework statistically associates the growth rates of bacteria predicted from metabolic
models and the species abundance distribution measured by metagenomics. Consistent
correlations between the predicted and measured environmental metabolomes were
found. In chapter 6, I conclude the thesis by discussing how the studies are integrated. I
identify their main limitations and discuss the important future steps that are necessary
for the development of general, unified, predictive, and informative models of microbial
systems.

1
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Chapter 1.2

From cultured to uncultured genome
sequences: metagenomics and modeling
microbial ecosystems
Daniel R. Garza1, Bas E. Dutilh1,2

As published in Cellular and Molecular Life Sciences 72, 4287-4308 (2015):
https://doi.org/10.1007/s00018-015-2004-1

1. Centre for Molecular and Biomolecular Informatics, Radboud Institute for Molecular Life Sciences, Radboud University Medical Centre, Geert Grooteplein 28, 6525 GA Nijmegen, The Netherlands.
2. Theoretical Biology and Bioinformatics, Utrecht University, Padualaan 8, 3584 CH Utrecht, The Netherlands.
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Abstract

1

Microorganisms and the viruses that infect them are the most numerous biological entities on Earth and enclose its greatest biodiversity and genetic reservoir. With strength in
their numbers, these microscopic organisms are major players in the cycles of energy and
matter that sustain all life. Scientists have only scratched the surface of this vast microbial
world through culture-dependent methods. Recent developments in generating metagenomes, large random samples of nucleic acid sequences isolated directly from the environment, are providing comprehensive portraits of the composition, structure, and functioning of microbial communities. Moreover, advances in metagenomic analysis have created the possibility of obtaining complete or nearly complete genome sequences from
uncultured microorganisms, providing important means to study their biology, ecology,
and evolution. Here we review some of the recent developments in the field of metagenomics, focusing on the discovery of genetic novelty and on methods for obtaining uncultured genome sequences, including through the recycling of previously published datasets. Moreover, we discuss how metagenomics has become a core scientific tool to
characterize eco-evolutionary patterns of microbial ecosystems, thus allowing us to simultaneously discover new microbes and study their natural communities. We conclude by
discussing general guidelines and challenges for modeling the interactions between uncultured microorganisms and viruses based on the information contained in their genome
sequences. These models will significantly advance our understanding of the functioning
of microbial ecosystems and the roles of microbes in the environment.

Introduction
Metagenomics is the study of genetic material recovered directly from environmental
samples in an untargeted (shotgun) way. Current developments increasing the depth and
breadth of metagenomic shotgun sequencing have facilitated the identification of complete or nearly complete microbial and viral genome sequences from environmental samples without the need to first cultivate these organisms. Here we name these sequences
the ‘‘uncultured genome sequences’’ that can either be obtained from metagenomic datasets or from single-cell sequencing. While they frequently have a draft status, and depending on the approach may represent a locally occurring metapopulation rather than
a single clone, uncultured genome sequences can supplement the genome sequences obtained by sequencing pure or nearly pure cultures of microbial isolates (Figure 1.1), therewith greatly increasing the amount of data that is available for comparative genome
analyses. Moreover, by providing reference sequences for the alignment of both known
and unknown metagenomic shotgun sequencing reads [51], they greatly enhance the
breadth of our understanding of microbial ecosystems. Uncultured organisms may, or
may not have close cultured relatives, but isolating complete or nearly complete genome
sequences from metagenomes invariably identifies genetic novelty, revealing flexible pangenomes, genetic variants, and new subpopulations of microbes.
The goal of this review is to introduce some of the recent landmarks of metagenomics in
providing new insights into the uncultured microbial biosphere, and highlight the promises and challenges these new genome sequences bring for modeling natural microbial
ecosystems. A historic perspective of the discovery of new microbes and viruses before
20
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Introduction

and after metagenomics is given, followed by a discussion of the innovative tools that
have been recently used by several research groups to obtain uncultured genomes from
metagenomic datasets. Metagenomics is primarily a science of microbial communities,
and a key interest is to describe and predict the interactions between different populations of microbes and viruses [52]. Thus, in the further sections of this review we focus on
the use of metagenomics and uncultured genome sequences to understand the ecological
and evolutionary dynamics of microbial populations within the context of their natural
environments. We conclude by discussing the recent developments and perspectives of
genome-guided systems biology modeling frameworks to functionally couple the biological knowledge obtained from uncultured genome sequences with systems-level predictions of the dynamics of microbial communities.

1

Figure 1.1: Illustration of simplified pipelines to obtain genome sequences from cultured and uncultured microbes and
viruses. There are many variations of each protocol and additional steps, such as filtering samples according to molecular size cutoffs and normalization of data which are not illustrated in this diagram. The purpose is to illustrate simplified general steps to obtain uncultured genomes, which are common in most of the studies discussed in this review.

21
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Before metagenomics: culturing-dependent discovery of new microbes and viruses

1

The first accounts of the microscopic world beyond the resolution of the human eye were
made by direct observations of microbes in environments such as water, soil, or diseased
tissues. Antonj van Leeuwenhoek, a Dutch tradesman, was the first to build microscopes
capable of viewing single-celled organisms. In the late seventeenth century when he reported his observations of ‘‘little animals’’ in water, he was ridiculed by the scientific establishment. Only after his observations were validated by an independent committee did
scientists begin to believe that invisible single-celled organisms could be hidden in many
habitats in our planet [53]. Before long, microorganisms were recognized as the causative
agents of many poorly understood phenomena, particularly in human disease. More powerful microscopes and staining methods were further developed, including the Gram stain
in the 19th century, which is still used widely as a first classification scheme for bacteria
[54].
Despite the dominance of direct observation and culture-independent methods in early
years [55–57], microbiology soon became a science of microbial isolates. After Robert
Koch pioneered methods for the isolation of microbial colonies and established postulates
to link diseases with causative microbial agents, isolation and cultivation became the most
common approach for microbial characterization [58]. Today, many taxonomic and strain
typing schemes depend on culturing, as do most laboratory methods for determining the
identity and biological characteristics of microbial species.
Virology has followed a path that is very similar to bacterial microbiology. Much of the
known viral biodiversity encompasses medically relevant viruses. Before the advances of
PCR and DNA sequencing methods, sampling from diseased phenotypes and inoculating
into tissue cultures or susceptible animals was the main source of isolation and discovery
of new viruses [59]. Additionally, many bacterial viruses (known as bacteriophages) were
discovered in rapidly growing, cultivable bacteria, thereby attributing the majority of the
recognized bacteriophage biodiversity to fast growing hosts [60]. Thus, by the use of cultivation as a dominant technique in both bacterial and viral microbiology, much of the scientific knowledge has been based on cultivable species, biasing our understanding of microbial biodiversity towards the biology and ecology of the ‘‘easy growers’’ [61].

Caveats in studying cultured isolates
The study of cultured isolates has propelled microbiological research. The success of culturing microbial species and studying them in isolation is a consequence of the difficulties
that would be involved in analyzing them within their natural environment, which is complex and contains many unknown variables. Reproducibility of results, control of external
variables, and simple design of laboratory experiments are all advantageous properties
that are greatly facilitated in pure culture studies. Nevertheless, studies of environmental
microbes and viruses repeatedly confirm that the large majority has not been cultured
and is thus poorly understood. The early studies that pointed to an abundance of unculturable microorganisms in the environment were largely forgotten by the scientific community [62–64]. As a result, the development of modern culture-free methods including
metagenomics, have sometimes led to surprises in the past 20 years. For example, by visu22
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alizing and counting the microscopic biological particles in the environment and comparing these counts to the number of archaeal and bacterial isolates, or to the number of
phage plaques that grew on a bacterial lawn, a great numeric discrepancy was observed
between what was counted in the wild, and what could be cultured on a plate [60, 61].
Different environments, such as seawater, soil, or marine sediments, showed that only
about 0.01–1 % of the microorganisms seen in the microscope could be isolated on artificial media, while the vast majority remained intractable to culture-dependent techniques.
These discrepancies have been named the ‘‘great plate count anomaly’’ [61] and the
‘‘great plaque count anomaly’’ [60], respectively. Clearly, we do not yet truly understand
microbial biodiversity, which begs basic questions such as, which bacteria or viruses are
out there? What is a microbial species? How do microbes and viruses interact with each
other? And how do they interact with their environment?

1

It is particularly relevant to broaden the phylogenetic breadth of cultured isolates in order to have more diversity available for experimental testing [65]. Moreover, since the
majority of viruses in natural environments consist of bacteriophages, having a greater
diversity of cultured bacterial isolates will also allow for a higher throughput in virus isolation strategies [66]. Given the observations of a vast, uncultured majority of microbes
and viruses as out-lined above (the great plate/plaque count anomaly), a natural question to ask is ‘‘Why do most bacteria, archaea, and viruses not grow in synthetic media?’’ [67]. Another related question is ‘‘How can we increase the recovery of environmental microbes in pure culture?’’ Many authors who discuss these and similar questions
suggest that there are no single answers, and that many answers are applicable only to
specific taxonomic groups or hold only in particular environments [67]. Among the commonly suggested causes for the plate count anomaly, we can list (1) lack of essential nutrients in the isolation media [68–70]; lack of an essential biological interdependency with
other species, such as auxotrophs or obligate mutualists [71–73]; (3) poor correlation between the in vitro growth condition and the environment: e.g. the media are too rich or
too poor in nutrients, or they have inappropriate pH, salinity, or temperature [69, 74,
75]; (4) microbe-specific features, such as small non-cultivable cells, or extremely slow
growers [76]. Some of these causes are interrelated and may be addressed together (see
below).

Methods to increase the plate count
Early approaches to increase the plate count were based on extensive testing of different
media, such as the R2A media for drinking water biofilms [74], and low-throughput
screening for compounds and co-factors that could increase the plate count for different
environments [77]. Promising technologies are being developed, some of which can be
extended to high-throughput approaches [78, 79]. These technologies allow for many
different conditions and samples to be screened in parallel. Simultaneously screening bacterial phenotypes in different conditions is one example of a high-throughput approach
that can be used to identify optimal culturing conditions [80]. Other approaches involve
the cultivation of bacteria in their natural environment or the use of supplements and
specific growth factors such as iron-chelating siderophores [69, 70]. Fe(II) is severely limited in most aerobic environments and some bacteria release siderophores to scavenge
23
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for Fe(II), which is then transported back into the cells. Siderophores from neighboring
species induce growth of uncultured marine bacteria. By inoculating marine bacteria with
high concentrations of Fe(II) as a surrogate for siderophores, D’Onofrio et al. [70] reported the isolation of many colonies of previously uncultured bacteria, including three with
16S rRNA gene sequences that were highly divergent from any known species [70].

1

Allowing small metabolites or signaling molecules from the natural sites of isolates to diffuse into inoculated sur-faces was shown to recover up to 50 % of bacteria from some environmental samples, where traditional methods would only recover 0.01–0.05 % [68, 69].
In order to achieve these expressively higher colony yields, diffusion chambers built with
washers, sandwiched between 0.03 um pore membranes were used, and incubated together with the sediment collected from marine environments in a marine aquarium.
Some bacteria grow in diffusion chambers only when paired with so-called ‘‘helper’’ species [72]. One of these bacteria, Psychrobacter sp. strain MSC33, started growing in isolation after successive co-cultures with its helper strain, Cellulophaga lytica. After acquiring
the capacity to grow in isolation, Psychrobacter MSC33 in turn could be used as a helper
strain for other bacteria. This phenomenon was reproduced with other strains that could
only grow in co-culture and, importantly, it was also observed in rich media, suggesting
that nutrient limitation was not the underlying mechanism for the initial inability of these
strains to grow in isolation. Indeed, the authors identified a five-amino-acid signaling peptide, LQPEV, as responsible for inducing the growth of the otherwise unculturable Psychrobacter [72].

One example of nutrient interdependency as the limiting factor for obtaining pure bacterial cultures was found with Treponema primitia. This bacterium is a hydrogen consuming,
carbon dioxide-reducing homoacetogenic spirochete from the termite hindgut, and relevant for the host due to nitrogen-fixing and acetate production functions. Graber and
Breznak [71] showed that T. primitia only grows when folate is available and they suggest
that this nutrient is provided by other microbial members in the termite hindgut [71].
A promising device for high-throughput isolation of microbes from natural environments
is the iChip, which consists of hundreds of miniaturized diffusion chambers [79]. Recently
a previously uncultured proteobacterium, Eleftheria terrae, was discovered by using this
technology [75]. This bacterium produces a potent antibiotic named Teixobactin, which
was found to be active against Gram-positive bacteria not amenable to treatment, and is
being suggested as an effective drug against methicillin-resistant Staphylococcus aureus
MRSA [75].

Genome-guided culturing efforts
Finding the right culturing conditions or hosts to isolate novel microbes and viruses can be
guided by mining uncultured genome sequences for clues of potential nutrient requirements. An example is provided by the SAR11 clade, which is the most abundant clade of
heterotrophic bacteria in the ocean. As of 2002, these bacteria were known solely from
evidence based on environmental sequencing data [81]. Although SAR11 isolates were
obtained by using sterile seawater with several supplements [82], genome mining showed
that these bacteria lacked assimilatory sulfate reduction genes, thus requiring exogenous
24
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sources of reduced sulfur, such as methionine or 3-dimethylsulphoniopropionate (DMSP)
for growth. DMSP is provided by other plankton members and its addition to the culture
media significantly increased the biomass yield of SAR11 bacteria [73]. These results suggest that the availability of complete or nearly genome sequences for different representatives of the uncultured groups could guide isolation strategies for these different microbes.
Besides providing access to uncultured genome sequences, metagenomics can also be
used to study microbes and viruses in the context of their interactions with other members
of the biological community. This makes metagenomics a fundamental tool to be integrated with environmental microbiology and the study and discovery of novel microbial biodiversity. Ideally, there is a feedback loop between bioinformatic approaches that obtain
uncultured genome sequences from shotgun metagenomic datasets, and the laboratory
where these genome sequences are exploited to guide the cultivation efforts of new microbial species (Figure 1.2). First, the phenotypic and genetic characterization of cultured
microbial isolates can populate databases with data that help to increase the accuracy of
the information that can be obtained from their genome sequences. Second, obtaining
uncultured genome sequences from metagenomes can uncover the gene composition of a
species and its putative phenotype space, providing meaningful information for attempts
to isolate microbial species. Moreover, the distribution across environments can also be
retrieved from metagenomic analyses, which can be used to predict ecological interactions
and lifestyles.

1

Genome-guided culturing is a vastly underexplored area in the field of metagenomics. Examples of uncultured genomes that could be amenable to these approaches include the
candidate phyla OD1, OP11, and BD1-5 [83]. These three candidate phyla are part of a
monophyletic group of widespread uncultured bacteria that have only recently been recognized by metagenomic sequencing, and were shown to comprise a super-phylum that
encompasses an estimated 15 % of the bacterial domain [84]. Genomic evidence suggests
that these bacteria have small genomes and may depend on other community members
for essential nutrients [84, 85]. Deep sequencing revealed that besides remarkably small
genomes, they lack many known biosynthetic pathways [86] and analysis of their ultrastructure suggests that they are indeed naturally ultra-small cells with median volumes of
0.009 um3, but are biologically active [85]. Enrichment for a member of the BD1-5 bacteria
in a chemostat containing a mixed culture [87] suggests that these bacteria could be amenable to cultivation under laboratory conditions. Even before uncultured genome sequences were available, Harris et al. [83] suggested using the environmental distribution
patterns inferred from 16S rRNA amplicon sequencing to develop isolation strategies for
these groups.
To conclude, cultured isolates are critical for reproducible experimental studies. Isolates
are useful for many biotechnology and health applications, such as genotype-phenotype
screening, gene knockouts, screening for secondary metabolites, and phage-host assays.
Nevertheless, there are many difficulties in the process of obtaining cultured representatives for the vast diversity of microorganisms and viruses, which can thus only be studied
by using culture-independent methods.
25
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1

Figure 1.2: Diagram of the feedback loop between experimental studies on cultured isolates and genome-based evidence retrieved from sequenced genomes. Uncultured genomes can educate genome-guided culturing attempts, which
are suggested in the main text.

Metagenomics approaches to study new microbes and viruses
Marker genes and the phylogenetic identity of uncultured bacteria and archaea
Estimates of the size of the environmental microbial and viral biodiversity that remains to
be discovered are vast. In bacteriophages, for instance, it has been estimated that there
are on the order of 100 million undiscovered types with possibly billions of new genes
[88]. Knowledge of the microbial world is dependent on tools that increase the signal-tonoise ratio of the uncultured genome sequences in metagenomes that represent the hidden members of microbial communities. While the first studies that addressed uncultured
microorganisms could only infer their presence by the shapes and stains under the microscope, in the past 50 years, developments in molecular biology have provided advanced
tools to survey and quantify this hidden majority. The developments of the polymerase
chain reaction (PCR), fluorescence in situ hybridization (FISH) [89], advances in DNA se26
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quencing technology, and use of the 16S rRNA gene as a taxonomic marker [90, 91],
have enabled the genetic identification of bacteria and archaea that are found in different environmental samples. By isolating DNA samples from whole communities of microorganisms and further amplifying and sequencing fragments of the 16S rRNA gene selected with degenerate primers, the genetic identity of a representative portion of the microbial community can now be known (for a review see ref [92]).
The 16S rRNA gene and other taxonomic marker genes have provided the means both to
identify microbes by sequence similarity, and to cluster them into taxonomic groups in a
phylogenetic context. Moreover, these marker genes have enabled estimates of the proportion of biodiversity that remain uncultured, revealing whole phyla that lack cultured
representatives [84, 93]. Importantly, these phyla cannot be classified with conventional
taxonomic approaches, which rely on polyphasic phenotypic and genetic typing schemes
that are currently inaccessible for uncultured microbes [94, 95]. Uncultured groups suggested by this method are thus termed candidate phyla. Currently, more than half of the
known bacterial and archaeal phyla lack cultured representatives.

1

Uncultured genome sequences come into play
A metagenome consists of the genomic sequences of all the organisms present in a given
environment. Metagenomics can be defined as the application of high-throughput sequencing and analysis pipelines to elucidate a representative random fraction of the genome sequences in a biological sample [96]. Before shotgun metagenomics, environmental sequencing efforts focused on the processing of amplified phylogenetic marker gene
sequences. Since then, metagenomics has evolved into the application of shotgun sequencing aimed at obtaining sequencing reads from a comprehensive fraction of the nucleic acids in a sample (for general reviews about metagenomics see refs. [97–99]). Some
of the first metagenomic studies consisted of shearing environmental DNA from soil samples into large fragments, cloning these fragments into BAC vectors and screening for
functional traits [100, 101]. This approach of enriching and screening for functional genes
is now named functional metagenomics to differentiate it from approaches that were
aimed primarily at discovering the global sequence content of environmental samples
[102–104].
One of the first comprehensive shotgun metagenomics studies was conducted on eight
large water samples from different sites of the Sargasso Sea [104]. Fosmid libraries were
generated from isolated and fragmented DNA from this community and sequenced by
the dideoxy chain-termination method (Sanger sequencing). More than 1.5 Gbp of sequences were generated, many of which could be assembled into scaffolds, suggesting
the presence of countable, discrete species rather than a genomic continuum [104]. These
were among the first sequences of uncultured microorganisms and contained partial genome sequences from phyla that had no cultured representatives, such as the SAR86
clade. Using the term ‘‘genomic species’’, the authors clustered genome fragments by using a similarity cutoff and found direct evidence that at least 451 different uncultured genome sequences were sampled. Additionally, many new genes were discovered and assigned to functional categories.
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Since these first endeavors, DNA sequencing of microbial communities has evolved from
the Sanger sequencing methods, which rely on a labor-intensive cloning process, to Next
Generation Sequencing (NGS) technologies such as the 454/Roche, Illumina/Solexa, and
Ion Torrent/Ion Proton platforms [105]. These short-read approaches are particularly suited for taxonomic and functional profiling of metagenomic samples, as they provide a random sample of the sequences therein [106, 107]. Thus, and as a result of the rapidly decreasing cost of short read sequencing, such profiling analyses have been the driver of the
field of metagenomics in the past decade. With the further decrease in cost and increase
in sequencing volumes and read lengths, for example by PacBio and Oxford Nanopore
sequencing technologies, assembly of (draft) uncultured genome sequences is now becoming increasingly accessible. We will discuss new promising methods for identifying and
characterizing these uncultured genome sequences in the paragraphs below.

Bioinformatic approaches to obtain uncultured genome sequences
Assembly of uncultured genome sequences from complex shotgun metagenomes is progressing with the rapid development of new sequencing methods and bioinformatics
pipelines [108]. Below we will review approaches that have been developed and used by
several research groups to build uncultured genome sequences de novo. A metagenomic
sample consists of random fragments of multiple genomes from different organisms.
These genomes contain signals such as phylogenetic or sequence based signals that have
been acquired in the course of evolution [109–111], signals that are the result of the ecological process [112, 113], or signals resulting from the sampling strategy [114]. These signals may be exploited to group metagenomic sequence fragments belonging to the same
organism together, in order to bin and assemble the original uncultured genome sequences.
The naturally occurring sequence diversity of microbial genomes, whether derived from
coexisting strains or from a (viral) quasispecies, often prohibits the assembly of longer
contigs [115]. In bioinformatics, the process of grouping genomic fragments such as reads
or assembled contigs putatively derived from the same organism based on sequence signals, is called binning, and many bioinformatic tools are available to do this [114, 116–
119]. From a bioinformatics point of view, the most important signals available for contig
binning are: homology to a reference sequence, paired sequencing read information, oligonucleotide composition, and differential abundance patterns across metagenomic samples. Moreover, an experimental approach that was recently developed exploits Hi-C, a
technology that was developed to detect chromosomal organization in eukaryotic cells,
to identify DNA sequences that are co-localized within microbial cells of an environmental
sample [120–122]. We expect that additional experimental and bioinformatic approaches
will be developed for binning uncultured genome sequences from metagenomes, as the
opportunities for interpreting and analyzing uncultured genome sequences improve (see
below).
Binning approaches can be classified into supervised and unsupervised methods. Supervised methods generally use a reference database of known genomes as a training set,
and apply statistical classification methods, such as hidden Markov models [123, 124] or
similarity/distance matrix models [125], to classify reads. These classification approaches
can be used to remove or isolate clusters of sequence fragments according to a specific
28
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signal and thus reduce the complexity and size of the assembly challenge. Supervised
methods can also be used to classify reads and assemble genomes from the resulting bins
[123, 126, 127].
Homology-based signals consist of aligning sequencing reads or contigs to a reference sequence that can consist of the genome of a known species, or of contigs assembled from
the same or a similar metagenome [128–130]. An obvious limitation of the supervised
approaches is that they are restricted to discovering genomes that are similar to the genomes which were used as training sets, making them unsuitable to discover completely
novel genome sequences. Nevertheless, these algorithms tend to improve as an increasing number of reference sequences become available, particularly of uncultured organisms, and they can be continuously calibrated towards more adequate training sets.

1

Unsupervised methods do not depend on a database of known reference genomes [131].
These methods are generally dependent on sequencing strategy, or on sequence content
and sample composition. For example, as in cultured genome assembly, paired sequencing reads are commonly exploited for scaffolding assembled contigs, by mapping read
pair sequences to the assembled contigs, and linking the contigs that share many paired
sequencing reads [132]. The computational performance of alignment-based approaches
that depend on alignment of many sequences is also rapidly improving thanks to innovative bioinformatic tools [133, 134].
Binning signals based on sequence content include the percentage of G and C nucleotides
in the contig, as well as the oligonucleotide usage profile that are both relatively consistent along the length of the genome. For these approaches, larger fragments or contigs result in better approximations of the genomic oligonucleotide usage profile, and
better binning. These alignment-free methods can be very fast and memory-efficient, because binning is achieved by simple binary vector operations, which computers perform
extremely fast. An example of an unsupervised approach that exploits oligonucleotide
usage profiles is emergent self-organizing maps (ESOMs) [135–138].
Signals that are based on differential abundance patterns of a genome within or across
metagenomic samples exploit the consistency in the expected depth of coverage of contigs that are derived from the same genome. Because different genomes are present in
different frequencies in a sample, fragments from one genome are expected to have the
same depth of coverage in the metagenomic dataset, thus reflecting the abundance of
that genome in the original sample. If multiple metagenomic samples are obtained from
a similar environment, each with variations in the abundances of the different members
of the microbial community, the depth of coverage of contigs derived from one genome
is expected to vary consistently across samples. This allows for fragment binning based on
co-abundance across multiple metagenomic samples [114]. This differential abundance
signal, in combination with oligonucleotide usage profiles were used to identify 49 nearly
complete uncultured bacterial genome sequences from an acetate-amended aquifer
[112].
The assembly of high-quality uncultured genome sequences from metagenomic datasets
is still a relatively low throughput process that usually yields only a few nearly complete
29

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 29

product

/

//

1

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

genomes. In part, this depends on the sequencing volume and the species richness of the
sampled community, which together determine the expected assembly depth of the uncultured genome sequences. The greatest bottleneck, however, is the effort that goes into finishing a genome sequence. For bacteria and archaea, the completeness and redundancy of an assembled uncultured genome sequence consisting of a cluster of binned
contigs, can be assessed by identifying universal single copy marker genes [84, 139, 140].
The percentage of these universal genes identified in the assembled genome corresponds
to the expected genome completeness, while duplicates among these single copy genes
indicate redundancy. For viruses, such universal marker genes are not available, and currently the most reliable way to establish completeness of an assembled genome sequence
is by validating that the assembled contig represents a circular genome [113, 141, 142].
However, with new bioinformatic advances [114, 116–119], the recovery of uncultured
genome sequences, whether in draft or complete form, is increasingly yielding new
knowledge about natural microbes and viruses, as outlined below.

Examples of landmark uncultured genome sequence assemblies
Tyson et al. [103] were the first to assemble nearly complete uncultured genome sequences from a metagenome library of small-insert plasmid clones. The isolation and reconstruction of genomes was possible because the sampled community consisted of lowcomplexity biofilms containing few different species. After an initial assembly of shotgun
reads, the larger contigs were binned based on the GC content and read coverage, allowing the recovery of nearly complete genomes of Ferroplasma type II and Leptospirillum
group III. These organisms had never been cultivated. With these genome sequences, the
phylogenetic origin of these organisms could be inferred, as well as their relative dominance across similar samples. Based on gene annotation, the authors suggested metabolic
functions across genomes and inferred ecological cross-feeding interactions between organisms involved in the community’s carbon and nitrogen cycles [103].
Narasingarao et al. [143] obtained scaffolds from Sanger sequencing of size-fractionated
samples from a hypersaline lake in Victoria, Australia. By binning these scaffolds based on
the GC content, they found two distinctive GC profiles from very small cells that passed a
0.8 um filter but were retained at 0.1 um pore sizes. Using a phylogenetic binning approach, they recovered two draft uncultured genome sequences, which were representatives of a totally new branch of uncultured Halobacteria. Nearly 60 % of the predicted
genes in these archaea had no homology with proteins in Genbank and they exhibited a
very distinctive codon usage profile when compared to other archaea [143]. Although
most genes in these microorganisms were unknown, the fraction of annotated genes suggested a predominantly aerobic heterotrophic lifestyle and also the presence of a complete pentose phosphate pathway, which had not previously been found in archaea
[144]. These genomes were compared with other databases, suggesting that these archaea belong to a new, widespread class for which the authors coined the name
‘‘Nanohaloarchaea’’. At least eight distinct clades of this class have been found in hypersaline environments across different continents [143].
In a recent article, Spang et al. [139] reconstructed three partial uncultured archaeal genome sequences from marine sediment metagenomes, which together comprise the Lokiarchaeota, a candidate archaeal phylum that, based on phylogenomic analyses, encom30
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passes the base of all eukaryotes. Comparative genomic analyses of the uncultured genome sequences identified eukaryotic signature genes, including genes that are involved
in membrane remodeling and vesicular trafficking. Based on these genomic observations,
the authors proposed that the uncultured Lokiarchaeota contain a complex cellular machinery that may have facilitated the acquisition of the proto-mitochondrial endosymbiont
into the ancestor of all eukaryotes. This example from the field of evolutionary biology
highlights that metagenomic discovery of uncultured genome sequences can impact all
areas of biology and is not limited to microbial ecology.

1

The new taxonomic groups identified by metagenomics can be vast. In a recent study,
Brown et al. [84] assembled 8 complete and 789 draft genome sequences from tiny uncultured bacteria in size fractioned samples from an aquifer adjacent to the Colorado River.
These genomes are members of a new super-phylum of at least 35 different bacterial phyla that was estimated to encompass 15 % of the bacterial domain [84]. Phylogenetic evidence suggests that this phylum forms a monophyletic group, which the authors named
the candidate phyla radiation (CPR). Analysis of these uncultured genomes revealed many
unusual features. For example, several nearly universal ribosomal genes [145] were absent
from many draft genomes, such as rpL9 that was not detected in any of the 16 uncultured genome sequences from the WS6 candidate phylum [84]. Although the uncultured
genome sequences were estimated to be only C50 % complete (median completeness 91
% for WS6), the authors suggest that it is highly unlikely that all draft genome sequences
lack the same gene by chance. Moreover, analysis of the 16S sequences of these uncultured genomes revealed the wide-spread presence of large introns within the 16S rRNA
genes. It was suggested that the commonly used primers for 16S amplicon sequencing
would miss a large fraction of these bacteria due to primer mismatching and the presence
of these introns [84].
It may be expected that similar metagenomic investigations into the vast, uncultured microbial biosphere, including archaea and viruses that remain poorly represented in current
databases, will yield many new and exciting discoveries in the near future.

Minority groups
It is important to realize that the uncultured genome sequences obtained from metagenomes represent consensus sequences of closely related genomes [115]. If there are
multiple highly similar strains within a sample, metagenome assembly approaches tend to
collapse these genotypes into a single consensus sequence. Indeed, most genome sequences that are available today represent consensus genome sequences, including the
reference genomes of many bacteria and animals. For most applications this is sufficient
and allows firm conclusions to be drawn. However, some applications may require genotypes of individuals, for example in population genomics, and an alternative to obtain uncultured genome sequences of such individual genotypes is to perform single-cell sequencing [65, 146, 147]. In this approach, single-cells are separated by cell sorting, their genomic content is randomly amplified by multiple displacement amplification (MDA) that
exploits the phage-derived U29 DNA polymerase and random short primers, and subsequently sequenced. Several groups have used single-cell sequencing combined with metagenomics to simultaneously obtain consensus sequences and individual genotypes [148–
31
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150]. Like with genome assembly from metagenomes, the completeness of single cell genomes can vary widely from approx. 10 to 98 % [65, 146–148, 150].

1

The identification of minority groups that are under-represented in the community, and
thus in the bulk of shotgun metagenomic sequencing reads is a challenge when identifying uncultured genome sequences in metagenomes. Single cell sequencing may not be a
good approach in these cases because isolation strategies tend to favor the majority, although the identity of cells can be determined by using probes before sequencing [151–
153]. The genome sequences of some minority members from a marine community were
recovered by using mate-paired reads sequenced on a SOLiD platform [132]. In this study,
58.5 Gb of mate-paired reads were generated and assembled into contigs. The matepairing information was used to link the contigs into interconnected graphs, and oligonucleotide usage profiles and read-coverage statistics were used to bin the contigs into larger linear scaffolds. Several candidate genomes were assembled with this approach, including a member of uncultured group II Euryarchaeota, whose genome indicated that this
microbe is photoheterotrophic with aerobic metabolism and the ability to degrade lipids
and proteins [132]. Other uncultured genomes of this group were later sequenced and
assembled from metagenomic fosmid clones, confirming similar features [154]. This approach of deep mate-paired sequencing combined with partial-assembly and binning
based on compositional features was also used to assemble 15 draft genomes from samples enriched for biomass-degrading microbes from cow rumen [149]. The completeness
of one of these genome sequences was assessed by single cell sequencing, showing that a
significant part of the genome was present in the original draft assembly and that no spurious reads had been incorporated. These results demonstrate the validity of this assembly
pipeline to produce draft genomes of minority groups within the microbial community.
A similar approach for obtaining the uncultured genome sequences of rare minority
groups uses binning based on the relative depth of coverage of fragments from two different DNA extractions of the same sample [114]. This approach was followed by principal component analysis of tetranucleotide usage profiles, and information from pairedend reads were used to isolate 13 nearly complete genomes, including four rare genomes
(0.06–1.58 % relative abundance) of uncultured representatives of the TM7 phylum [114].

Data recycling
In the examples above, metagenomic datasets were newly sequenced and analyzed to
discover species in environments that were of particular interest to the researchers. Due
to the invaluable efforts of these and other research groups, many metagenomes are
now becoming available in the public databases that can be used in secondary analyses.
Public databases [155, 156] now contain thousands of metagenomic datasets that can be
mined for novel microbial and viral genome sequences. The opportunity for data recycling
is strongly driven by the development of new bioinformatic tools and methods for metagenomic analysis. We turn now to some significant examples of uncultured genome sequences that were obtained from recycled datasets.
Cross-assembly (crAss) of different samples from similar environments is one example of a
strategy that can point to co-occurring sequences that are shared between environments
and may not be identified with other methods such as reference mapping [117]. Our
32
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group cross-assembled previously published viral metagenomes of human fecal samples
from four homozygotic female twin pairs and their mothers, and found a previously unknown viral sequence that was highly prevalent in human gut microbiomes from different
continents, named crAssphage [113]. Up to 24 % of the viral shotgun metagenomic sequencing reads in samples from Korea, and up to 22 % of the reads in unrelated total fecal community metagenomes from USA aligned to the crAssphage genome sequence. The
complete genome assembly and the metagenomic context in which it was isolated allowed the prediction of candidate host species, suggesting that it may infect Bacteroides
hosts.

1

An alternative approach to analyze multiple metagenomic datasets was used to extract co
-abundance gene groups (CAGs) from 396 gut metagenomes [157]. In this approach, metagenomes were first assembled and genes extracted to create a comprehensive nonredundant gene catalog of almost four million gut microbial genes. Genes were then
picked randomly, and the abundance profiles across the 396 gut metagenomes of all other genes was compared to the query gene by using Pearson correlation. Highly correlating
genes (r > 0.9) were iteratively grouped into CAGs, and their abundance profiles averaged
until the CAG stabilized. The size distribution of CAGs showed a bimodal distribution with
peaks at approximately 50 and 1700 genes, respectively. The CAGs that contained more
than 700 genes were re-assembled, and 238 of those yielded genome sequences that met
the criteria for high-quality draft genome sequences as defined by the Human Microbiome
Project. A total of 181 of these uncultured genome sequences were derived from species
that had no previously sequenced representative. Many of the smaller CAGs, potentially
representing bacteriophages and mobile genomic elements such as plasmids or integrons,
were observed to be dependent on the large CAGs, i.e. they were only present in the samples if the larger CAG was also present [157].
Metagenomics and omics-related approaches are increasingly advancing fields ranging
from human and veterinary medicine, to microbial ecology and evolutionary biology. The
availability of data and new analytic approaches not only provides new uncultured genome sequences as discussed above, but also enables the characterization of novel clades
of archaea, bacteria, and viruses. Identifying the genome sequence of an uncultured organism allows us to ask questions about its diversity, genomic evolution, preferred environments, relative abundances, and co-occurrence with other species. For example, a recently published web tool, Phage Eco-Locator, allows the investigation of bacteriophage
genes across environments in order to answer questions about phage biology, lifestyle,
and ecology [158]. These and other questions can be addressed by leveraging publicly
available metagenomic datasets. We expect that new tools for metagenomic data recycling will increasingly become available to exploit the knowledge contained in large public
databases, with the potential to describe the identity, evolution, and ecological interactions of cultured, as well as uncultured microbes and viruses.

Top-down approaches to study uncultured genome sequences
Metagenomes can be studied by using top-down and bottom-up approaches. Top-down
approaches are based on metagenome-wide statistical patterns that are obtained from
the sequence fragments of metagenomic reads, and can, for example, be used to study
the structure of the ecosystem, as well as the identity and relative abundances of microor33
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ganisms [159]. Bottom-up approaches begin from flexible pre-defined structures of the
system, such as genome-scale metabolic models and aim to mechanistically reconstruct
patterns and signals that can be measured from the system as a whole by integrating its
constitutive parts into a model [160]. Bottom-up approaches will be discussed in a further
section.

1

Obtaining a metagenomic sample, i.e. a random, minimally biased sample of the genomic
sequence content of a microbial community, allows for direct and statistical estimates of
ecological and evolutionary variables that help explain the structure and function of the
microbial ecosystems [128, 161]. With more and better metagenomic data becoming
available from sites across the planet, there is an unparalleled wealth of data available in
the digital space for scientists to generate, test, and evaluate new hypotheses about microbial ecosystems [162]. Examples of ecological and evolutionary parameters that can be
studied in metagenomic datasets include microbial species abundances, richness, evenness,
and diversity [163, 164]. Moreover, eco-evolutionary processes can be studied, including
competition, cooperation [165, 166], Red Queen dynamics [167, 168], structure and function of communities, as well as patterns of assembly, colonization, and composition of the
microbiota [169–171]. Below we outline some of these patterns and emphasize that metagenomics provides not only a comprehensive window to discover and isolate new uncultured genome sequences as outlined above, but also provides the principal data to characterize the ecological context in which these genomes are found.

Global abundance and distribution patterns
The ecological context of uncultured organisms can be studied by exploiting metagenomic
datasets. Many discoveries in this young field have changed established textbook frameworks of microbial relationships with the earth’s physics and chemistry, revealing a less
biased view of the structure and function of microbial ecosystems. Light harvesting in the
ocean is one example where non-chlorophyll pathways based on bacteriorhodopsin were
shown by metagenomics to be a widespread mechanism in the ocean, not only limited to
Proteobacteria or Archaea [104, 172]. Another example is the elucidation of the biogeography and ecology of specific uncultured microbial groups. For example, a group of archaea, (previously called Crenarchaeota because of a somewhat close relationship with
this phylum [173, 174] but now known as Thaumarchaeota, see below) was found by
metagenomics to be present in many different environments, such as freshwater [175],
sediments [176], ocean water [104], and the digestive tract of aquatic and terrestrial animals [177, 178]. One representative was cultivable in a marine aquarium when grown as a
symbiont to the sponge Axinella mexicana [177]. Several genomic surveys and later the
cultivation of one marine representative of this phylum showed that many of these species encoded ammonia-oxidizing genes [179, 180]. Given the abundance of this phylum in
several environments, they have recently been suggested to be major players in the global
cycling of nitrogen through ammonia oxidation [181]. Before this group was discovered,
ammonia oxidation was thought to be performed almost exclusively by autotrophic ammonia oxidizing bacteria [182]. Later, the assembly of several uncultured genomes and
genomic evidence from different sequencing projects rooting this group further apart
from the Crenarchaeota, led to the recognition of a new archaeal phylum, the Thaumarchaeota [183].

34
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Niche-driven and neutral community assembly
Metagenomic data can be used to determine the mode of assembly of a microbial community. Processes of assembly are relevant to the study of community ecology because
they indicate which forces have shaped biological communities and likely influence their
structure and function [184]. Two different types of processes are commonly distinguished that shape the composition of microbial ecosystems: deterministic niche-driven,
and stochastic neutral processes [185]. Both processes, and combinations thereof, can predict the distribution curve of the relative abundances of species. If a neutral stochastic
process has shaped the community, the relative abundances of species are expected to fit
a zero-sum multinomial (ZSM) distribution [186, 187]. In the niche-driven process, species
are related to environmental changes and the relative abundances are expected to fit a
log-normal or a Zipf distribution [188]. In the healthy lung, for example, the composition
of the microbiota was shown to fit a neutral model with species derived mainly from the
oral cavity, while samples from the lungs of patients with cystic fibrosis and idiopathic interstitial pneumonia could not be explained by the neutral model [189]. Mendes et al.
[190] compared soil and soybean rhizosphere microbiomes and found a log-normal distribution in the rhizosphere community, while the bulk soil community fit the ZSM distribution. Metagenomics has provided evidence of niche-driven or neutral-processes in several
other environments [191–193].

1

Biodiversity and ecosystem stability
Biodiversity is another important ecological parameter that can be measured by top-down
metagenomics. Biodiversity can be defined as the species richness, i.e. the number of different species that are present in an environment; as the relative abundances of the different species; or as the evenness, a measure that incorporates the phylogenetic breadth
of the species [194]. Biodiversity is often related to the stability of an ecosystem [195].
This is the basis of the insurance hypothesis, in which greater diversity insures ecosystems
against losses of functionality due to environmental fluctuations and perturbations [196,
197]. Uncultured bacterial and archaeal genomes can be readily inserted into a biogeographic and evolutionary context by comparing their marker genes across these datasets.
Data for species richness in microbial ecosystems based on marker genes provides a wide
spectrum of information about their distribution patterns, as well as the alpha and beta
diversity, and can shed light on migration and colonization patterns [198].
The relative abundance of functional categories of genes in a microbial ecosystem is an
alternative parameter of biodiversity, which can be related to the concept of evenness if
one assumes that phylogenetic distance is correlated with functional distance [199]. Note
that it is not necessary to make this assumption when analyzing shotgun meta-genomes
because the relative abundance of different categories of genes can be directly measured.
When the phylogenetic and functional measures of biodiversity are compared, very complex interplays between stability and environmental functioning can be revealed, providing the starting material to evaluate and test hypotheses about the ecological role of uncultured genomes obtained from metagenomes. An interesting example of the potential
of metagenomics to simultaneously discover new species and provide a broad description
of their ecology and natural history is provided in a recent study by Lynch et al. [200]. The
authors characterized an uncultured genome sequence obtained from metagenomic data
35
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of a volcanic deposit collected 6 km above the sea level in the Atacama Desert. Their
study suggested that this uncultured bacterium was indigenous to this harsh environment, with a chemoautotrophic metabolism dependent on trace atmospheric gases
[200].

1

The ecological concept of ecosystem stability is related to biodiversity, and it can be interpreted and measured in different ways [201]. For example, Wittebolle et al. [202] measured the relationship between evenness and stability in different microcosm experiments
with denitrifying bacteria. In their study the microcosms were subject to temperature and
salt stress, and the stability of the microbial ecosystem was measured as the maintenance
of the nitrifying function under stress. The authors showed that the effect of stress on
functional stability differed depending on the kind of stress, and that microbial communities with an even functional profile tended to be more resilient to salt induced stress than
functionally uneven communities [202]. In the human microbiome, which has become
one of the best studied microbial ecosystems, widely different taxonomic compositions
have been observed to lead to very similar functional profiles across individuals [39]. This
observation of a functional stability supports the insurance hypothesis, being driven by
the potential of phylogenetically divergent gut bacteria to acquire similar functions [203,
204]. The relationship between stability and biodiversity is an open research field in microbial community ecology. Top-down metagenomics is providing the means to study this
relationship across many different microbial ecosystems, particularly through studies that
analyze fluctuations of the taxonomic and functional profiles of communities in space
and time [205–208].

Integrating uncultured genome sequences into a systems biology modeling platform
While the top-down statistical approaches described above provide fundamental information to understand the distribution and ecology of uncultured microorganisms and viruses, they are limited to providing broad-scale predictions that are not always mechanistic. The predictive power of such statistical models can be improved by including more
omics data from an environment, such as gene expression, proteomics, and metabolite
concentrations [39, 209, 210]. Furthermore, incorporating time series datasets or environmental data such as physicochemical parameters can also contribute to more mechanistic
and predictive models [211]. However, a deeper understanding of the biology of new uncultured genomes would come from mechanistic descriptions of the dynamics and biochemical interactions of each subpopulation [212, 213]. Such bottom-up approaches employ computational models to identify robustly predicted patterns in an ecosystem that
can subsequently be studied ex silico, for example by exploiting metagenomic datasets.
Progress in building genome-scale models for small microbial consortia is beginning to
provide a roadmap for describing microbial communities in terms of their individual subpopulations. Below we will discuss several approaches for integrating uncultured genome
sequences into computational models, towards describing and understanding the interactions that shape a microbial ecosystem.

Computational models of microbial cells
The most complete computational model of a cell that integrates several components of
the cellular dynamics, such as protein synthesis, and gene expression, was built by Karr et
al. [214] for Mycoplasma genitalium. This model describes a single organism and recon36
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structs several patterns of the bacterial cell cycle that are consistent with measurements in
vitro [214]. Whole-cell models with such level of detail are not currently feasible for most
microbes because the roles of novel genes, poorly characterized proteins, and kinetic enzyme parameters remain unknown. Nevertheless, draft biochemical models that propagate and integrate knowledge from known genes that are characterized in other organisms already show significant potential to predict and explain patterns observed in experimental systems [215, 216].

1

Several different modeling approaches exist that build mechanistic metabolic models of a
microbial cell by starting from the genomic sequences, but are beyond the scope of this
review [217]. Here we will only point to some of the general principles and possible directions to build predictive models of uncultured genome sequences, and address their role
in the community. Our goal is to highlight directions that will position these newly discovered genomes on in silico experimentation platforms. This will accelerate the characterization of these organisms by providing the means to quantitatively describe their interactions with other microbes and the environment, and guide experimental follow-up by
providing testable hypotheses about species interactions and their responses to environmental changes.

Models based on individual genome sequences
When uncultured genome sequences are recovered from an environment by using e.g.
metagenomics or single-cell sequencing, the component of their genes that can be annotated can be integrated into a basic biochemical model of directional interactions between proteins and metabolites (for a review of these steps see Refs. [216, 218]). If we
assume that several of these models can be inferred for microbes that co-occur within an
environment, an important feature that describes their interaction are the exchange reactions that reflect the flow of metabolites in and out of cells. Moreover, the rate by which
the cells synthesize biomass components, and the flow of byproducts and secondary metabolites that leave the cell can also be captured. Such metabolic flow models might be
used to make predictions about which species grows faster in a given environment [219],
the secretion of a products of interest under given conditions [220], the expected biochemical effect of adding or removing a species or metabolite [221], as well as the conditions of the external environment that are required for (mutual) growth [222].

The flow of metabolites
While some of the information about the metabolic flows can be assessed from the biochemical networks, these networks do not contain information about the kinetic rates of
uptake, secretion, and the flow of the metabolites, nor do they contain information
about the rates of biomass conversion. In practice, and especially for novel species that
contain many unknown genes, we can only reconstruct partial blueprints of the biochemical networks [223]. This suggests that the real flow of metabolites between the organisms
consists of complex functions that integrate protein concentrations and affinities, resulting in different reaction rates [224]. Another challenge is capturing the simultaneous reactions from many different biochemical networks within a single model that could contain
multiple solutions. Thus, comprehensive models of microbial communities based on individual metabolic networks are not yet available.

Tackling the complexity of microbial communities
Small scale models of interacting consortia of few microbes are paving the way for appli37
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cations to larger communities [220–222, 225–227]. Three important general principles
may be extracted from these studies and applied to larger-scale models (Figure 1.3). First,
the multi-dimensional attractor landscape should be constrained to reduce the degrees of
freedom of the solution-space. Second, optimization approaches should be applied to
deal with multiple solutions. Third, computational simulations should be used instead of
analytical approaches to sample from the possible solution space of multi-level models.

1

As explained above, the functional insurance hypothesis suggests that there are different
possible solutions to how microbial communities may fulfill an environmental niche. In
terms of modeling the microbial ecosystem, this can be thought of as different domains
of attraction of a highly-dimensional system. This system is subject to important constraints that need to be incorporated in the model. For example, there are hard constraints like the stoichiometric balance of chemical reactions between the metabolites and
the second law of thermodynamics, but there are also softer constraints like the spatial
boundaries of the system and the diffusion of metabolites that may be captured by stochastic models. Integrating these constraints into systems biological models of the microbial ecosystem can significantly reduce the degrees of freedom of the system, therewith
constraining the landscape of its domains of attraction (Figure 1.3C). A further way to
constrain these models would be to use additional omics datasets to assess gene expression and/or metabolite concentrations [228, 229]. However, even with a constrained landscape of solutions, models of interacting microorganisms could potentially hold an infinite
number of solutions. To deal with this degeneracy of solutions, a heuristic approach can
be applied that identifies local optima within the attractor landscape that represent biologically meaningful solutions [230, 231].

Objective functions
Different biological objectives can be defined and expressed as functions in a system of
equations with a goal to maximize or minimize this objective, including the objectives that
are used in single-species systems [232]. Moreover, approaches to model multiple objectives within a single model have also been explored [233]. The mathematical formulation
of a reasonable objective function allows for the optimization of the system for this objective, and depending of the relation of this objective with other variables, the optimization
may limit the values and states that may be assumed by the other variables in the system
[232]. For example, in a genome-scale model of three gut bacteria, Shoaie et al. [234]
used as an objective function the minimization of the uptake of nutrients while maintaining fixed concentrations of biomass. By setting up this configuration, they accurately predicted the concentration of butyrate, CO2, and H2 obtained from experimental data of
germ-free mice colonized with these bacteria [234].
Optimization of objectives in simple systems, such as single-species models, is a straightforward process that usually involves minimizing or maximizing an objective function, while
constrained by systems of linear, mixed integer-linear, or simple nonlinear equations.
However, optimizing multiple and potentially different objectives from many interacting
species that grow at different rates and consume and secrete metabolites at the same
time is a significantly more challenging problem. Some of the studies yielding the most
promising results have applied approaches that were based on simulating the system, rather than solving it [227, 235]. In simulation-based approaches, the current state of the
system is sampled and transition rules are applied that determine its state in the next time
point. The system is updated based on these rules and sampled again; this goes on until
38
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1

Figure 1.3: Theoretical representation of the guidelines to build genome-guided simulation-based models for microbial
communities applied to a simple model. (A) The model was built for a hypothetical community of biochemical networks
corresponding to uncultured genomes. (B) In this model, the variable of interest is the flow-rate of metabolites through
exchange reactions in steady-state conformations. Random initial flow-rates were chosen and the growth of the community in a media containing this concentration of metabolites is simulated as in [227]. After equilibrium is reached, the
relative abundance of each species is compared to the actual relative abundance from the metagenomic data-set. New
values for exchange flow-rates are chosen and simulated, and accepted or rejected according to a stochastic rule or if
the predicted relative distribution of species is closer to its actual value. (C) Simulations with or without constraints significantly reduce the solution landscapes indicated by the contour plots. The correlations are also significantly higher
and have a small number of high-correlation solutions, which can be further studied individually.
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Models of microbial consortia: linking to experiments

1

Using a simulation-based approach for pairs of species, Chiu et al. [227] coupled metabolic
networks to Michaelis–Menten dynamics for exchange reactions of the metabolites across
the cell membrane. In small time steps, each species would take up, and secrete metabolites proportionally to its biomass and the concentration of the metabolite in the medium.
The medium and the biomass of each species were then updated and simulated again,
until metabolites were depleted and the growth-rates became zero. This approach predicted the relative abundances of the two bacteria, their temporal growth-rates, and the
dynamics of metabolites inside and outside of the cells [227]. A similar approach was used
by Harcombe et al. [235], with the addition that they incorporated a spatial lattice into
the model where all species could diffuse stochastically. This framework consistently predicted the rate of colony diameter increase in various carbon sources for E. coli, as well as
the outcome of co-culture experiments of two and three species. Interestingly, an unexpected emergent behavior of the in silico model was confirmed experimentally, showing
that the species with the lower growth-rate dominates the co-culture in the long run.

Linking uncultured viruses to their cellular hosts
Viruses necessarily depend on a cellular host organism for replication, and these virus-host
associations can be very specific. Until recently, virus discovery involved isolation of the
virus, e.g. by using cell culture or plaque assays, leading to a clear link between a virus
and its host. However, with the advent of metagenomic approaches to identify the uncultured viral genome sequences, as described above, virus discovery is no longer dependent
on culturing. New bioinformatic approaches are being explored to link viruses to their
hosts, based on the information contained in their uncultured genome sequences
(Edwards et al., submitted). Signals for virus-host association that have been used in recent studies include the co-occurrence profiles across samples, as described above [113,
157, 236]. Moreover, homology between virus and host genes can indicate a recent gene
exchange between their genome sequences, possibly during a recent infection event, and
thus homology has also been used to identify virus hosts [113, 237]. For bacteria and archaea, CRISPR spacers that are identified within their genomes can be used to identify the
phages that infect them [236, 238], because short fragments from the phage genome sequence are incorporated into CRISPR arrays of the host. Finally, oligonucleotide usage profiles also contain a signal that can be exploited to link an uncultured virus to its cellular
host. This depends on viruses ameliorating their genomic oligonucleotide usage to that of
the host they infect, for example to avoid recognition by host restriction enzymes, or to
adjust their codon usage to match the availability of host tRNAs [239, 240].
Linking uncultured viral genome sequences to a cellular host organism, cultured or uncultured, is an important step towards understanding the microbial ecosystem. Phagebacterial infection networks (PBIN) describe which phages infect which bacterial hosts
[241]. A recent meta-analysis of PBIN showed a characteristic structuring that is globally
modular and locally nested [242, 243]. This means that bacteria and phages from different locations are mostly incompatible (global modularity). Within one location, phages coexist with varying host specificity (local nestedness), e.g. generalist phages that infect
40
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many bacteria, and specialist phages that infect only one bacterium. Phage predation can
have a huge impact on microbial ecology, maintaining biodiversity through Kill-theWinner dynamics [244], and releasing nutrients through the viral shunt [245]. Incorporating phage predation into ecosystem models will allow the effects of this important parameter in microbial ecology to be studied [245, 246].
Conclusions
Obtaining the genome sequences of uncultured microbes and viruses in metagenomes is
one of the most promising areas of research in microbiology. Novel strategies to sample
and sequence environmental metagenomes as well as significant advances in bioinformatics and data recycling are increasing our knowledge of uncultured microorganisms. With
metagenomic approaches, we can discover the identity, evolution, gene composition, distribution, and ecological patterns of uncultured microbes and viruses. Our challenge now
is to integrate this knowledge into predictive analytical models of microbial ecosystems
that incorporate the knowledge that can be mined from both uncultured and cultured
genome sequences [212]. It is still difficult to realistically capture important properties of
microbial ecosystems in analytical models, such as spatial structuring, diffusion of nutrients, energy barriers, selective sweeps by bacteriophages, and the immune system in case
of host-associated microbiota. Recent progress has shown that the way forward is to apply modeling through multi-step simulation-based approaches. Although there are still
many caveats to these approaches, we believe that future development in this area will
provide outstanding tools to mechanistically understand the biology of uncultured microbes. Some of the variables that could be predicted by these models and experimentally validated are energy flux patterns, cross feeding patterns, and the dynamics of diversity
within the community of study. If a community is described in terms of energy and matter flow, it can also be compared in these terms, providing not only a unique insight into
the evolutionary processes that have shaped microbial communities, but also informing in
a precise and mechanistic manner how these balances could be changed, or how changes
in these balances impact biodiversity. Systems biology platforms with these potentials are
the immediate goals for further advances in discovering and understanding the microscopic and submicroscopic biosphere. The major remaining challenges include providing
the expanding number of sequences available with reliable annotations, and incorporating these into consistent models of interacting microbes and viruses in the natural ecosystem. To conclude, the exciting field of uncultured microbe and virus discovery, and the
study of interactions in natural microbial ecosystems has grown with metagenomics
throughout the past decade, and recent developments hold promise of many more discoveries in the near future.
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Abstract

2

Complex combinations of stochastic and deterministic forces are known to shape prokaryote genomes, leading to a high variation in the gene content even of closely related species. It is a significant challenge to disentangle the mechanisms that generate these forces.
Here, we used pan-reactomes as proxies for pan-genomes. We interpreted pan-reactomes
as a dynamic pool of metabolic reactions encoded by genes that are potentially gained or
lost within a taxonomic clade. We investigated the routes along which pan-reactomes lose
reactions by simulating reactome reduction in alternative environments. We performed
this simulation on the reactomes reconstructed from the pan-genomes of 46 different
bacterial and archaeal families covering a broad taxonomic range. Our simulations generated samples of functional irreducible reaction sets, termed FIRSs. Statistical analysis of
the collection of FIRSs allowed us to disentangle two important groups of metabolic reactions; the first group consists of reactions that do not change their frequencies when a
pan-reactome undergoes reaction loss in different environments (constrained by
“nature”). The second group contains reactions that are essential or dispensable depending on the metabolite composition of the external environment (constrained by
“nurture”). The frequency of reactions from this second group allows us to predict the
metabolites that likely shaped the evolution of specific lineages in the tree of life. Besides
disentangling the forces that constraint pan-reactomes, the collection of FIRSs are strong
predictors of the shape, size, and diversity of pan-reactomes. Diversity of FIRSs across different environments predicts whether a clade is a specialist or a generalist in global metagenomics datasets. In summary, the pan-reactome provides significant insights into the
functional dynamics of genome evolution.

Introduction
In the process of prokaryote genome evolution, genes coding for metabolic enzymes (as
other genes) can be gained or lost by means of mutations, insertions, deletions, duplications, and horizontal gene transfer (HGT) [35, 38, 247, 248]. As a result of these processes, genome composition varies significantly even between closely related strains [35, 249,
250]. Variation in gene content does not occur uniformly in prokaryote pan-genomes,
since the presence of genes across genomes exhibits a frequency continuum from ubiquitous to rare. While events of gene gain and loss introduce undirected random variations
in genome content [35, 251], the success of such events depends on their functional consequences. Non-random factors, such as the presence or absence of other genes in the
genome and the physicochemical composition of the environment, can influence the fate
of genome evolution events and drive the frequency distribution of genes. It is currently
an open challenge to disentangle the relative contribution of the deterministic and stochastic processes that have shaped the gene composition in pan-genomes [252].
Pan-genomes have been suggested to be the key units of prokaryote evolution [35]. Recent studies have envisioned the application of population genetics theory to explain patterns in prokaryote pan-genomes [36, 251–253]. The emerging field of “pan-genome population genetics” can be defined as the study of variation in gene content across and
within pan-genomes. Concepts from traditional population genetic theory are not immediately translatable to pan-genomes since they are mostly based on the frequencies of
variations that occur within clearly defined populations [253] while the forces that shape
pan-genomes, such as HGT, occur across subpopulations from a monophyletic group. Each
44
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subpopulation can have different gene repertoires and different parameters that influence gene fixation, such as effective population size and mutation rates. Genes that vary
in frequency across subpopulations are hypothesized to constitute a mobile repertoire of
genes suitable for adaptation to changing environments [249, 254–257]. For this reason,
gene frequencies in pan-genomes likely reflect the distribution of adaptations to different
external conditions rather than gene fixation rates.
The gene content of prokaryote genomes is in constant flux [34, 35] as events of gene
gain and loss occur at rates comparable to or greater than nucleotide substitutions [249,
250]. These events are widely and nearly randomly spread across the tree of life. HGT
events are significantly more common among closely related prokaryotes resulting in only
a fraction of genes being shared by all species [35, 249, 250, 258–260]. The probability of
integrating foreign DNA into a recipient prokaryote genome has been shown to decay
exponentially with an increase in the divergence between the donor DNA and the recipient chromosome [261]. Most of the mechanisms for the integration of exogenous DNA
are mediated by some form of homology-based processes [262]. One such mechanism is
homologous recombination that has been shown to occur at high rates among prokaryotes [263] and often requires identical flanking regions between recipient and donor
DNAs [38]. Regardless of the mechanism, closely related prokaryotes share more genes
than distantly related ones. An important corollary of this is that the genes found in the
genomes of a prokaryote clade can be considered as a pool of more easily accessible
genes for species within this clade.

2

The acquisition of new genes is balanced by a pervasive process of gene loss [34, 35, 264,
265]. Phylogenetic reconstructions of diverse clades have shown that virtually all species
with genomes smaller than 2 Mb evolved from ancestors with substantially larger genomes [266–268]. Gene loss is majorly a clock-like process, where genes under weak or no
selection tend to be inactivated by random mutation and, subsequently, lost by deletion
[265, 269]. Variation in clonal populations of bacteria that do not undergo extensive HGT,
e.g. intracellular parasites, is mostly explained by gene loss [270]. Significant genome reduction is also observed in bacteria that are adapted to stable and nutrient-rich environments, such as host microbiomes [267]. Based on the high rates of gene loss, conceivably
any gene that is not under selective pressure will be eventually lost.
The frequency distributions of genes have been observed to fit simple mathematical functions with regular and universal shapes [271–273]. One example is the asymmetric Ushape that is observed for a broad range of prokaryote groups [274, 275]. This distribution exhibits a pronounced number of core genes to the right (frequency ≈ 1), a spread of
moderately common genes in between, and a peak of rare genes to the left (frequency
<< 1). A common proposition is that frequency is related to the relative essentiality of a
gene and reflects its adaptive value in the face of purifying selection. In this view, core
genes are essential under any condition, while rare genes are increasingly dispensable.
Such a proposition was challenged by the development of a simple neutral model, consisting of a birth-death process with the stochastic replacement of genes [276]. This model
reproduced the characteristic U-shape for the distribution of gene frequency and exhibited a reasonable fit with the pan-genomes of six bacterial pathogens [276]. Another mod45
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el suggested that the pan-genomes of Prochlorococcus and Bacilli follow mostly neutral
dynamics of gene insertions and deletions [277, 278]. In the opposite direction, an alternative framework called the "stationary genome of a tree" (SGT) that fitted empirical
gene distributions with fewer parameters than the previous model, was tested on ten
bacterial and archaeal species. For all of the tested species, the neutral model that attributes equal fitness for each gene was rejected [263], revealing an important contribution
of per-gene additive selection in shaping the frequency distribution of genes in pangenomes [263].

2

In nature, selection acts on the phenotype, and microbes exhibit complex phenotypes
that result from the combined action of multiple gene products. In many cases, phenotypes are dependent on the interactions of gene products with the environment. In the
models described above, genomes were defined as bags of genes without interactions between their products. Importantly, these models did not explicitly consider a genotype-tophenotype map, except for the fact that genes may or may not provide a differential selective advantage to their carriers. In the cases where models considered the core genome
to be essential [276], the core genome was defined as a fixed subset of genes without an
explicit biological mechanism that explains why a gene is essential. Although these simplified bag-of-genes models provide important insights into the evolutionary dynamics of
pan-genomes, they miss relevant forces driving gene frequencies and, more importantly,
do not provide a mechanistic interpretation for the variation in gene content.
The functions of genes coding for metabolic enzymes encoded in genomes can be arranged into a metabolic reaction network [279–281]. This network constitutes the reactome and reflects how organisms convert energy and matter from diverse environmental
metabolites into essential building blocks, such as nucleic acids, lipids, and proteins [281].
Reactomes reconstructed from genomes, also referred to as genome-scale metabolic models (GSMMs), are one of the closest genotype-to-phenotype maps that are easily available
for newly sequenced prokaryotes [281–283]. These models have the advantage of explicitly considering the interactions between their components (protein-encoding genes) and
are capable of simulating complex phenotypes, including the metabolic interactions of organisms with their environments [281]. Variation in the content of metabolic reactions
from a monophyletic taxonomic group can be summarized by the distribution of their frequencies [263, 277]. The subset of reactions encoded by all genomes is defined as the
core-reactome, while the flexible reactome consists of reactions found in at least one or a
few reactomes. All reactions together comprise the pan-reactome. Related concepts have
been applied to the full set of genes in pan-genomes (see reviews [32, 284, 285]).
Here we used GSMMs to simulate and understand patterns in pan-reactomes. We investigated the diversity in reaction content by sampling minimal functional sets of reactions
across different metabolic environments. These minimal sets were here termed FIRSs
(Functional Irreducible Reaction Sets). Based on the variation of reaction composition between FIRSs across environments and within a single environment, we distinguished two
important drivers of reaction frequencies in pan-reactomes. The first was related to reactions that have their frequencies determined by the reaction content of pan-reactomes
and by the existence or not of alternative routes in the possible functional reactomes.
Their frequencies do not change when FIRSs are sampled from different environments.
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These reactions were here referred to as topology-driven reactions (nature). The second
driver was related to reactions that become essential or dispensable according to the metabolite composition of the external environment. These were referred to as environmentdriven reactions (nurture). Our framework mechanistically disentangles topology-driven
from environment-driven frequencies and predicts the evolved metabolite preferences of
pan-reactomes. We begin by evaluating pan-reactome dynamics in a simple toy model
that illustrates forces driving pan-reactome composition. We then extend our analysis to
the GSMMs derived from the pan-genomes of 46 different prokaryote families of a broad
taxonomic range. We further show that the composition of the FIRSs across different environments is a strong predictor of patterns in pan-reactome composition. In short, we
find that the pan-reactome is a useful proxy for the pan-genome with which we can assess the functional consequences of prokaryotic genome evolution.
Results

2

Toy model
We illustrate how topology-driven and environment-driven processes together define the
frequency distribution of reactions in pan-reactomes with a toy example (Figure 2.1, Table
S2.1). Our example, as in GSMMs, consists of directed bipartite graphs of metabolic reactions (Figure 2.1A) in toy reactomes from related bacteria (Figure 2.1B) that together
form a pan-reactome (Figure 2.1C). Reactions in this example take up and convert compounds from the external environment and synthesize metabolites required for biomass
production (M10, M11, and M12; Figure 2.1). Strains from this pan-reactome are considered functional if they are capable of synthesizing these biomass metabolites while not
accumulating any by-products (metabolite M2 in the first reactome of Figure 2.1B is an
example of a by-product). While three different viable reactomes are shown based on
their presence in extant organisms (Figure 2.1B), others could be potentially formed by
the lateral transfer and loss of genes coding for reactions, as long as the resulting reactome is also functional. For this reason, the pan-reactome defines a dynamic space of potential reactomes, some of which are realized by actual organisms.

Forces driving reaction composition
The pool of reactions in the pan-reactome (Figure 2.1C) constraints the set of functional
reactomes. For example, reactions R5, R9, R12, R13, and R14 are always required for biomass production, independent of the external environment. These reactions are irreplaceable in the synthesis of essential biomass precursors. For this reason, they are present in
each of the extant reactomes (Figure 2.1B), but would also be required for other possible
reactomes derived from this reaction pool. Notably, these essential reactions are not sufficient for growth, because different combinations of the other reactions are still required.
For instance, the network may synthesize the biomass precursor M8_i by either using reactions R8, R7, or a combination of R6 and R11, but at least one of these routes is mandatory. In principal, these three routes are equivalent, nevertheless, the presence of external
metabolites determines which ones are functional.
In summary, reactions within the pan-reactome can be divided into those that are always
essential because there are no alternative ways of obtaining their products ('topology
driven i'), and those that are conditionally essential or dispensable, either because of the
presence or absence of other reactions in the network ('topology driven ii') or because of
the presence of metabolites in the environment ('environment driven').
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Nature or Nurture: disentangling the complex forces shaping prokaryote pan-genomes
Figure 2.1: Toy example. (A) Example of a metabolic reaction. Reactants and products are depicted as circles and reactions as rectangles. Reaction directionality is indicated by the arrows. (B) Toy functional reactomes of three related bacteria, each reactome is capable of synthesizing the biomass compounds M10_i, M11_i, and M12_i (inside the orange
ellipse) from the environmental precursors (compounds depicted with green circles). (C) Pan-reactome network aggregating reactions from the different reactomes into a single network. (D) An example of a functional irreducible set
(FIRS) of reactions. Each reaction in this network is essential since its removal would impair the synthesis of the biomass
components. (E) Collection of all nine possible FIRSs that can be created from the reactions in this toy pan-reactome.
Dark squares denote the presence of reactions. The frequency of reactions across the collection of FIRSs is shown in the
last row.

Functional irreducible reaction sets (FIRSs)
Due to the topology of metabolic networks and the redundancy in reactome space
(Figure 2.1), many different functional reactomes can exist. To explore the space of possible reactomes and to tease out the mechanistic forces that shape reaction distribution,
we deconvoluted the pan-reactome into a collection of functional irreducible reaction sets
(FIRSs). A single FIRS consists of a group of reactions that together are functional in a defined environment, but the removal of any reaction makes the network non-functional
(irreducible). An example of a FIRS is shown in Figure 2.1D (set S1). Our toy example has
nine such sets, summarized in Figure 2.1E (reaction sets S1-9). Each viable reactome that
can possibly be formed from this reaction pool requires at least one of these FIRSs. Thus,
while the actual reactomes of our toy species (Figure 2.1B) must contain at least one FIRS,
their network may and likely include other reactions.

2

The frequency of reactions across the collection of FIRSs (“freq” in the last row of Figure
2.1E) directly reflects the expected distribution of reactions in a pan-reactome. For instance, all reactomes are expected to contain the essential reactions R5, R12, R13, R14,
and R15, while a smaller fraction would be expected to contain the conditionally essential
reactions R8, R7, or both R6 and R11 (Figure 2.1E) since these are possibly interchangeable (Figure 2.1C).

Metabolic niches
FIRSs use a specific set of external metabolites (e.g., M9_e, M5_e, M3_e, and M2_e in Figure 2.1D) that we here termed the metabolic niche of a FIRS. Metabolic niches across the
collection of FIRSs delimit the metabolic niches of the pan-reactome, i.e. the space of metabolic compositions that reactomes from a pan-reactome thrive. Similar to the collection
of FIRSs, the frequency that a metabolite is found in a metabolic niche reflects how often
a metabolite is expected to be used by reactomes from a pan-reactome.

Disentangling the forces driving the frequency distribution of reactions
By obtaining the collection of FIRSs across different environments we can disentangle the
constraints that drive reaction frequency distribution in pan-reactomes, i.e. topological
constraints (nature) and environment-driven constraints (nurture). Topological constraints
determine reaction frequencies in the collection of FIRSs that do not change with the
presence or absence of external metabolites. A noticeable example of these are the aforementioned essential reactions that are always present (Figure 2.1E). In contrast, some reactions exhibit different frequencies when we consider these organisms to live in an environment where only a subset of the collection of FIRSs is functional, these are environment-driven constraints. For instance, in an environment where metabolites M9_e and
49
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M8_e are depleted, all FIRSs would contain reactions R6 and R11 (Figure 2.1C).

2

To systematically distinguish the forces that drive reaction frequencies in a prokaryote pan
-reactome, we assessed the environment-specific variation that is introduced by growth in
different combinations of external metabolites. In the example of the toy model,
208/1024 qualitatively different environments (20.3%) support the growth of the full panreactome. For each of these environments, we obtained the reaction and metabolite frequencies observed in FIRSs. We then estimated the difference between these environment
-specific frequencies and the average frequency observed across all of the different environments (Figure 2.2A and 2.2B). The standard deviation of these differences quantified
the extent by which reactions and metabolites are expected to be environment-driven
(see “environment-driven scores” in methods).

Associating environment-driven reactions to environmental metabolites
Positive and negative associations were made for the environment-driven reactions and
metabolites by taking the cosine similarity between their columns in the residual matrices
(all pairs of columns with non-zeros scores between Figures 2.2A and 2.2B). This association score quantifies positive and negative relations between the reaction content of reactomes and the usage of external metabolites under changing environments (Figure 2.2D).
For instance, the reaction R8 was positively associated with metabolite M9_e and negatively associated with the metabolites that enable alternative routes for the production of
the biomass component M8_i, i.e. M6_e, M7_e, and M8_e (Figure 2.2C). These associations enabled us to quantify the environment-reaction dependencies (Figure 2.2C) and
associate lineages to the environmental niche where they evolved.

Predicting metabolite usage preferences from reaction frequencies in panreactomes
We used the reaction frequencies in the collection of FIRSs obtained in all growthsupporting environments to train an elastic net (EN) model that allows us to predict metabolite preferences from natural reaction frequencies (see “reaction frequencies” in
methods). Our model assumes that the average metabolite usage is explained by a linear
combination of the reaction frequencies observed in a pan-reactome. To test how accurately the model predicts the environment in which the pan-reactome evolved, we simulated the evolution of clades of related reactome populations with a Moran-like process
[Moran, 1958] that attributes no selection coefficient for individual reactions, but a global
constraint of metabolic network functionality (see “Toy model” in the Methods). We obtained reaction frequencies by sampling the different reactome types that resulted from
this simulated evolutionary process in each of the environments that support growth. We
used these frequencies to predict the average metabolite usage with the trained EN model. For all reactome populations, the EN accurately predicted the metabolic niche from the
evolved reaction frequencies (Figures 2.2E, r =.98, p<e-10).
In the following sections, we will use the framework illustrated in this toy example to analyze the highly complex metabolic networks in prokaryote pan-reactomes.
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2

Figure 2.2: Identifying environment-reaction associations. (A) Residual reaction frequencies and (B) metabolite usage
defined across 208 environments that support the growth of the toy pan-reactome (Figure 2.1C). The residuals are the
difference between the average frequency over the collection of FIRSs defined within each environment (rows) and the
average across all environments (columns). Numbers on the x-axis are the standard deviation of the residuals, indicating
frequency changes when the collection of FIRSs is defined in different environments. This number is divided by its maximum; (C) Metabolite-reaction association matrix defined by the pairwise cosine similarity between the metabolites with
non-zero residuals and reactions with non-zeros residuals; (D) Subnetworks generated from the rows of the metabolitereaction association matrix (shown in C), showing the positive (green arrows) and negative associations (red arrows)
between metabolites and reaction frequencies in FIRSs defined for different environments; (E) Elastic net prediction of
metabolite usage. Evolved reaction frequencies were used to predict metabolite usage profiles (y-axis) and compared to
the observed metabolite usage in evolved reactomes (x-axis).
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The space of possible reactomes converges to a frequency distribution of reactions

2

We reconstructed pan-reactomes for 46 prokaryote families with more than 24 sequenced
genomes (Table S2.2, see “Pan-reactomes” in methods). Similar to the toy model, we deconvoluted pan-reactomes into FIRSs. Due to the combinatorial explosion involved in obtaining the complete collection of FIRSs from natural lineages, we replaced this collection
with a random sample. We first determined that less than 200 random samples of FIRSs
were sufficient for convergence to an average frequency distribution with 99% reproducibility and a mean-squared error approaching zero (Figure S2.1). To be safe, we used the
reaction frequencies obtained from 103 independent random samples of FIRSs as a representation of the frequencies of the full collection of FIRSs in a given environmental niche.

The environment-specific collections of FIRSs delimit the space of possible functional reactomes
We used samples from a uniform distribution of metabolite compositions that we termed
the environment ball (Figure S2.2, Table S2.3, and see “environment ball” in Methods) as
the space of possible diverse growth environments of 46 prokaryote families. As we illustrated with the toy model, reaction frequencies of the collection of FIRSs obtained across
the environment ball, delimited the sample space of pan-reactomes that could have
evolved under different environments. Notably, this space exhibited clear family-specific
clusters when projected in two dimensions (Figure 2.3A). The natural reaction frequencies
(see “Reaction frequencies” in methods) were generally found to be within these familyspecific clusters and were interpreted as the observed values (realizations) of the stochastic distribution defined by the environment-specific collections of FIRSs (large points in Figure 2.3A).
The environment-specific collections of FIRSs determine metabolite usage profiles that are
expressed as the metabolite frequencies in the metabolic niches (see the “metabolic niches” above). As with FIRSs, metabolite niches delimit a family-specific cluster of the metabolite requirements of FIRSs in the different environments of the environment ball (Figure
2.3B). The predicted evolutionary environments of prokaryote families (see below) also
behave as a sample of the family-specific metabolite niche cluster (large points in Figure
2.3B).

The composition of reactions in the collection of FIRSs correlates with reaction frequencies in pan-reactomes
FIRSs delimit the sample space of functional reactomes, thus the higher the frequency of a
certain reaction in the environment-specific collections of FIRSs, the higher is the probability of encountering a functional reactome that harbors this reaction. We expected that a
significant fraction of the reaction composition within a pan-reactome is explained by the
reaction frequencies in the environment-specific collections of FIRSs. Consistent with this
expectation, we observed that for all of the pan-reactomes in our study the average probability that a reaction is found in a natural reactome is higher for reactions that have a
high frequency in the environment-specific collections of FIRSs (Figure 2.4). Reactions with
low frequencies in the FIRSs of a given family (0-0.03) exhibit a significant spread in their
natural frequencies. The average frequency for these reactions is close to 0.5 across all
families (Figure 2.4). These reactions are therefore not essential in a broad range of environments.
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2

Figure 2.3: Distribution of possible reaction frequencies and metabolite usage profiles across the environment ball. (A)
UMAP projection of reaction frequencies in the environment-specific collection of FIRSs. Each smaller point represents
a projection in two dimensions of the reaction frequency distribution calculated from 10 3 random samples of FIRSs
defined on one random composition of external metabolites from the environment ball. The large dots are the frequencies observed in the natural pan-reactomes. (B) UMAP projection of the metabolite usage frequency in metabolic
niches obtained from the same FIRSs projected in A. The large dots are the elastic net predictions of the evolved metabolite usage that was predicted from the natural pan-reactomes trained on the environment-specific collections of
FIRSs for each of the 46 prokaryote families (Table S2.6).

Figure 2.4: Reaction frequencies in the natural
pan-reactomes of 46 prokaryote families are
partially explained by the frequencies in the
environment-specific collection of FIRSs. Box
plots show the distribution of reaction frequencies in the natural pan-reactomes of 46
prokaryote families, grouped by their frequencies in FIRSs within two consecutive numbers
in the x-axis. The red triangles represent the
mean, while the green lines represent the
median of the distribution.
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Predicting metabolite-reaction association in the pan-reactomes of 46 prokaryote
families

2

Similar to what we observed in the toy model, most reactions have a similar predicted frequency in FIRSs on specific environments and across all environments (Figure S2.3A, average Pearson r2 =.99; p<e-10), with some notable exceptions. The same is observed for the
average metabolite usage (average Pearson r2 =.99; p<e-10, Figure S2.3B). In other words,
variation in the metabolite concentrations of the external environment introduces a
change in the expected frequencies of some reactions and alters the expected metabolite
usage profiles of FIRSs. Based on this variation, we identified two environment-driven reactions across all prokaryote families that significantly changed their frequencies as a response to changes in the metabolite concentrations in the environment (Table S2.4), including dihydroxy hydrolase (EC 4.2.1.9) and pyruvate decarboxylase (EC 2.2.1.6). Both
reactions catalyze steps in the synthesis of the three branched-chain amino acids (Lisoleucine, L-valine, and L-leucine) and are universally shared across bacterial reactomes
[286]. These reactions are also part of the pantothenate and CoA biosynthesis pathway,
where the product of the dihydroxy hydrolase (3-Methyl1-2-oxobutanoic acid) can either
be used for the synthesis of L-valine or in the synthesis of 2-Dehydropantoate, a precursor
for pantothenate and subsequently CoA. Pantothenate and CoA are connected to the biosynthesis of several amino acids, which explains why reactions upstream of their synthesis would become essential or not depending on the composition of the external environment.

Beyond the aforementioned environment-driven reactions that are wide-spread across all
prokaryote families, each prokaryote family contains specific reactions that are environment driven. We used the residual reaction frequencies in the environment-specific collection of FIRSs and the residual metabolic niches to train an EN model and predicted the
metabolite preferences of family-specific pan-reactomes based on their natural reaction
frequencies. The predicted pan-reactome metabolite preferences are summarized in Table
S2.5 that shows the fraction of reactome types that are predicted to require a particular
metabolite for growth. Most reactomes require inorganic ions, such as Ca, Cl, Mn, Zn, K,
Mg, and Fe, and some organic molecules such as heme are also widely required [287]. Different pan-reactomes require specific metabolites making them distinguishable when projected in a lower-dimensional space (large points in Figure 2.3B). A more detailed characterization of metabolite preferences in pan-genomes can be of interest in future studies
aimed at explaining the metabolic basis of genome evolution events.

FIRSs are mechanistic predictors of patterns in pan-reactome shape, size, and distribution
A significant fraction of the variation in reaction frequencies within pan-reactomes is explained by the variation in the environment-specific frequencies in the collection of FIRSs.
For this reason, we expect that general patterns of pan-reactome shape, size, and distribution are also consistent with patterns found in the environment-specific collection of
FIRSs. We compared multiple variables related to the size, shape, and distribution of FIRSs
and pan-reactomes across the prokaryote families. A description of the variables is shown
in Table 2.1. The pairwise correlations and FDR corrected statistical significance are displayed in Figure 2.5 and detailed in Table S2.6.
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Across the diverse prokaryote families, only a small fraction of the reactions is included in
the FIRSs (first boxplot of Figure 2.4), as in many scenarios, most reactions can be lost
without compromising the reactome functionality. The larger the pan-reactome size, the
larger the fraction of reactions that are included in FIRSs (Pearson r = 0.94; adj. p<e-20;
Figure 5). A similar trend was observed for the average size of FIRSs, where a significant
spread was observed across pan-reactomes. This spread was significantly greater across
prokaryote families than within FIRSs of the same family, suggesting that the size of the
average FIRS is an emergent property of the pan-reactome (Pearson r = 0.82; adj. p<e-10;
Figure 2.5). Notably, this correlation is higher for the “shell” of intermediate frequency
reactions (Pearson r=0.86; adj. p<e-12; Figure 2.5), when compared to the “core” (Pearson
r=0.62; adj. p<e-04; Figure 2.5) or the “cloud” (Pearson r=0.56; adj. p<e-03; Figure 2.5).
Pan-reactomes can be evaluated by their average dissimilarity, referred to as fluidity [288].
Fluidity is defined by averaging the ratio of unique reactions over the sum of shared reactions for random reactome pairs. Fluidity is a measure of diversity applied to the level of
reactomes, informing how diverse a single reactome is expected to be when compared to
another reactome of the same pan-reactome. Variation in the fluidity of FIRSs across families correlated with variation in fluidity of pan-reactomes (Pearson r = 0.51; adj. p<e-03;
Figure 2.5). The fluidity of FIRS positively correlated with the shell fraction of the panreactome (Pearson r=0.63; adj. p<e-04), meaning that pan-reactomes with more reactions
at intermediate frequency have more diverse reactomes. Furthermore, fluidity correlated
with the number of different metabolites that are consumed as a response to change in
the metabolic environment (Pearson r=0.72; adj. p<e-07), as inferred by the standard deviation of the residual metabolic niches. This suggests that more diverse reactomes exhibit
more diverse metabolite usage profiles when challenged with different environments. Diversity was also evaluated at the level of the pan-reactome reaction frequency distribution. For this, we compared the average pairwise square Euclidean distance between the
frequency profiles of the environment-specific collections of FIRSs. Diversity in frequency
profiles positively and significantly correlated with the niche breadth of prokaryote families as inferred from environmental sequencing datasets (Pearson r=0.42; adj. p<e-02; Figure 2.5). This showed that lineages that occur in diverse environments also form diverse
reaction frequency distributions for their environment-specific collections of FIRSs.

2

By evaluating the correlation of different measures across reactomes and the collection of
FIRSs (Table2.1 and Table S2.6) we propose a general scenario for pan-reactome evolution. For this scenario we consider that prokaryote groups share a pool of reactions where
reaction loss is frequently observed. Some pan-reactomes have a large number of core reactions and also a large number of reactions that are present in all FIRSs (Pearson r=0.62;
adj. p<e-04). The larger the core reactome size, the smaller is the number of external metabolites required for growth (Pearson r=-0.67; adj. p<e-05) and the less diverse are reactome pairs (Pearson r=-0.72; adj. p<e-07). The size of the shell of FIRSs and the shell of
pan-reactomes are a significant predictor of ecological flexibility. Large shells imply larger
pan-reactomes (Pearson r=0.99; adj. p<e-46), more fluidity (Pearson r=0.63; adj. p<e-04),
and more reactions (Pearson r=0.94; adj. p<e-21) and metabolites (Pearson r=0.77; adj.
p<e-08) that are predicted to be environment driven, i.e. change in frequency as a response to a change in the environment composition. These scenarios are emergent properties of the pan-reactome composition, mechanistically identifiable in the collection of
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FIRSs and suggest that the shape and size of the pangenomes are a reflection of evolution in different environments.

2

Figure 2.5: Correlation of the variables measured from FIRSs with reactomes and metagenomes. A description of the
variables is available in Table 2.1. Detailed Pearson correlation values and adjusted p-values are available in Table S2.6.
For comparison, cells with values of the highest (blue) and lowest (red) correlations are indicated in the top right corner.

Discussion
Here we used the pan-reactomes of 46 prokaryote families to understand the forces and
mechanisms driving reaction frequency distribution in genome evolution. We investigated
pan-reactomes as a proxy for pan-genomes because they constitute a mechanistic genotype-to-phenotype map that can directly reveal the expected effects of differential gene
composition. More than 50% of the genes in prokaryote genomes code for metabolic
functions [289] and metabolic genes are often found to be horizontally transferred [290].
Pan-reactomes allow us to study the composition of genomes in the context of complex
cellular phenotypes. All prokaryotic cells require energy and biomass and diverse evolutionary groups have evolved specific sets of metabolic reactions to obtain their needed
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biomass precursors. The different sets of metabolic reactions used in different contexts
by prokaryote groups reflect patterns and mechanisms of their genome evolution. For
this reason, reactomes have increasingly been used as model systems for evolutionary
genomics [291–296].
Table 2.1: Variables that were used to compare the FIRSs and pan-reactomes of 46 prokaryote families (Figure 2.5, Table S2.6)

Variables per
prokaryote
families
nicheBreadth

Description
Diversity of the global communities where a prokaryote family is found.

diversityFIRS

Diversity of the environment specific collection of FIRSs (Average squared pairwise
Euclidean distance)

panFIRS

Total reactions that are included in at least one FIRS from the environmentspecific collection of FIRSs

sizeFIRS

Average size of the sampled FIRSs

coreFIRS

Number of reactions that are present in at least 98% of all the FIRSs

shellFIRS

Number of reactions that are present in 3 to 98% of all the FIRSs

cloudFIRS

Number of reactions present in up to 3% of the FIRSs

panReactome

All of the reactions found in reactomes from a pan-reactome

sizeReactome

Average size of the natural reactomes

coreReactome

Number of reactions present in at least 98% of natural reactomes

shellReactome

Number of reactions that are present in 3 to 98% of all the natural reactomes

cloudReactome

Number of reactions present in up to 3% of the natural reactomes

fluidityFIRS

Average dissimilarity between random FIRSs

fluidityReactome

Average dissimilarity between natural reactomes

metNiche

Average number of metabolites present in the metabolic niches

nicheReacts

Average number of reactions that are predicted to be environment-driven (by the
standard deviation of the residuals)

nicheMetabs

Average number of metabolites that are predicted to be environment-driven (by
the standard deviation of the residuals)

2

Previous studies have used a similar strategy of stochastic reductive evolution in reactomes to assess possible alternative scenarios of reactome diversity [292–294]. Most of
57
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these studies were applied to the pan-reactome of the Escherichia coli clade [294, 296,
297] or aimed at understanding reactome patterns that emerge from the universal set of
reactions [292, 293], i.e. all metabolic reactions that are known to be present in any prokaryote. Here we applied this framework to understand differences within and across pan
-reactomes of a large number of prokaryote families.

2

Reaction frequency in pan-reactomes, as gene-frequency in pan-genomes, is a random variable and, as such, is endowed with a distribution. We generated a mechanistic process to
expose the forces that drive this distribution. In our framework, pan-reactomes share an
exclusive pool of reactions and undergo an extensive process of gene loss. We modeled
the natural process of gene loss [34, 35, 264, 265], by allowing a reactome to lose all of its
non-essential reactions and repeated this process for many iterations, providing a detailed
map of possible solutions. The collection of solutions reveals structural patterns of reactome dynamics that emerge from the constraint of functionality alone. These patterns derive from the variation in the sample space of possible functional reactomes and would
otherwise be inaccessible.
We identified patterns at two levels. At the level of individual reactions, we can mechanistically predict the expected essentiality of a reaction based on the capacity of the panreactome to generate functional alternatives. This essentiality was further assessed in the
context of changing environments, allowing us to identify which and how many reactions
become essential in new environments. At a higher level of the pan-reactome, our framework revealed some emergent properties of pan-reactomes. All 46 pan-reactomes were
subjected to the same process of reaction loss and were under similar functional constraints. Nevertheless, the properties related to the size, shape, and diversity of the frequency distributions inferred for the collection of FIRSs were significantly different for the
different families and resemble the differences observed in strain-level genomes. We
found that properties such as the expected reactome size or diversity, depend closely on
the composition of the pan-reactomes and are reflected in the in silico generated collection of FIRSs.
Through the interactions in the metabolic network, the availability of reactions in the pangenome determines the patterns observed in specific organisms. With our framework, we
mechanistically identified these patterns as functional reaction sets. For example, some
pan-reactomes form functional reactomes with a large number of core reactions. As expected, these reactomes are very similar to each other and use a small set of metabolites
(Figure 2.5, Table S2.6). Other pan-reactomes form reactomes with a small set of core reactions and a large set of reactions of intermediate frequency (shell reactions). These require more metabolites and a significant difference in their frequencies is observed when
the pan-reactomes is challenged with different environments (Figure 2.5, Table S2.6). All
these are emergent properties that result from the different ways in which reaction sets
can assemble to form functional reactomes.
The patterns observed in the collection of FIRSs were identified without determining specific evolutionary goals or additive adaptive values for specific reactions, suggesting that
within pan-reactomes a significant fraction of the patterns driving reaction frequency depend only on the functionality of the metabolic reaction network. This constraint of func58
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tionality imposed for any possible reactome defines the sample space of reactomes. In a
similar trend, we expect that combinatorial functionality within a gene pool determines
the genes that are present in individual genomes. Many forces likely shape gene frequency distribution in bacterial lineages, nevertheless, a significant fraction of the variation in
this distribution is determined by the sample space of functional genomes. For metabolic
reactions, stochastic drift within this space already exhibits significant variation. In other
words, the question of “how often is gene X found in the genomes of a prokaryote
group” is to some extent addressed by how often the gene is expected in irreducible gene
sets. Since the answer to this question also depends on the composition of the external
environment, we can use the reaction frequencies in the environment-specific collections
of FIRSs to predict the fraction of reactomes in a pan-reactome that requires specific metabolites.

2

On a longer evolutionary time-scale, e.g. the time that separates different families, reactome properties depend on the group of reactions that are accessible to the strains that
constitute a pan-reactome. Pan-reactome composition isolates the analyzed prokaryote
clades into clearly distinguishable reactome-spaces with significantly different sizes, diversity, and required metabolites. We expect that in a similar fashion, the functional interactions of genes that constitute the space of functional genomes within a gene pool (pangenome) are environment-dependent and shape the pan-genome as an important functional unit of prokaryote evolution.
Methods
Reactomes
Bacterial and archaeal strains (n = 4885) from 46 taxonomic families were selected from
the PATRIC database [298]. We chose to use families that had genomes sequences of at
least 25 different species in the database and selected one strain of each species based on
the maximum completeness and minimum contamination values of their genome sequences as reported in the PATRIC metadata.
We reconstructed genome-scale metabolic models (GSMMs) for each strain using the
model SEED pipeline [216] implemented in PATRIC [298] with the Mackinac python package [299]. Each model contains a list of reactions that are predicted to be coded by the
prokaryote genomes; these reactions are referred to as the reactome of the strain. In addition to the genome encoded reactions, each model has a biomass reaction consisting of
the relative proportions of biomass components, such as amino acids, nucleotides, proteins, fats, co-factors, and sugars, that the reactome should be able to synthesize in a
growth environment. Additionally, some reactions that were not annotated in the genomes were added to assure that the reactomes were capable of producing biomass in
complete media, an approach referred to as “gap-filling” [300].
The functionality of GSMMs was assessed by flux balance analysis (FBA) [301], optimized
for biomass production. We used the flux yields on the biomass reaction as an indication
of growth.
Pan-reactomes
Pan-reactomes were generated by merging the reactomes of all the strains from a given
59
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prokaryote family. Each reaction was added once. Additionally, we added exchange reactions for the compounds that have transporters in any of the reactomes, resulting in panreactomes with the same group of 292 exchange reactions.

Environment ball
We generated vectors of random uniform relative concentrations for the shared list of external compounds added as exchange reactions, excluding water and oxygen (n=290). For
obtaining relative uniform concentrations, we sampled a Dirichlet distribution with dimensions equal to the number of compounds (290) with uniform parameters

2

). Samples from this distribution add to one and there is an equal
probability of observing any relative concentration of any of the compounds. The resulting relative concentrations were adjusted to a constant uptake rate of water in
mmol.gDW-1.h-1. Oxygen was added as a binary factor, with environments being either
aerobic (containing an unconstrained amount of oxygen) or anaerobic (with zero oxygen), selected with a probability of 0.5. We generated 103 random samples of the environment ball and used the resulting concentrations as the growth environments (Table
S2.3).

Toy model
The toy model was generated with the reactions in Table S2.1. Functionality was directly
assessed by evaluating if the biomass components could be synthesized without accumulating by-products. Since stoichiometries were all equal to one (Table S2.1, Figure 2.1), the
external environment was defined by the presence or absence of metabolites. We evolved
populations of reactomes derived from the toy pan-reactome with a Moran-like process
[302]. For this, we started with random functional reactomes (n=103) and simulated a two
-step process. In the first step, a random reactome was chosen and a reaction was either
deleted or inserted. If the change resulted in a functional reactome, the process continued, otherwise, the previous reactome was restored. In the second step, two reactomes
were chosen and one of them was replaced by a copy of the other, simulating a birthdeath process with a constant population size. After many iterations (n=106), the different types of reactomes that persisted were selected as the evolved reactome types.

Sampling the environment-specific collection of functional irreducible reaction sets
(FIRSs)
To generate random samples from the environment-specific collection of FIRSs, we first
constrained the pan-reactome to a given environment and only proceeded if the flux on
the biomass reaction was greater than zero with five significant digits. We then randomly
removed reactions from the pan-reactomes and evaluated if the resulting network exhibits flux in the biomass reaction that is greater than a cutoff of 1% of the flux observed in
the pan-reactome. If the biomass flux is below the cutoff, the reaction was restored to
the network, otherwise, the next reaction was removed until all reactions were assessed.
At the end of one iteration, the reactions that remained in the network constitute a random sample of a FIRS. Next, we randomized the order of reaction removal and repeated
the process. Each randomization of the reaction order finds a random FIRSs. We sampled
60
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3

10 FIRSs for each of the 103 metabolite concentrations in the environment ball.

Obtaining metabolic niches
For each FIRS we obtained the environment-specific FBA solution. We then assess the flux
in the exchange reactions for this solution. Negative fluxes correspond to the metabolites
that are effectively required to produce biomass. One metabolic niche corresponded to
the set of metabolites whose transporters exhibited a negative flux in the FBA solution of
a FIRS. metabolic niches were summarized by the metabolite frequencies obtained from
the 103 random samples of FIRSs that were obtained for each environment.

Reaction frequencies
Pan-reactome reaction frequencies were analyzed at different scales. We restricted our
analysis to reactions that had gene evidence (not gap-filled) and that could be active in a
model. To define if a reaction could be active, we used flux variability analysis and excluded reactions that exhibited a flux variability of zero. We refer to the “natural reaction frequencies” as the frequencies that were observed from the reaction composition of reactomes reconstructed from the genomes of a prokaryote family; “frequencies in the collection of FIRSs” refer to the frequency that reactions were found in the random samples of
FIRSs obtained in a single environment; while “frequencies in the environment-specific collections of FIRS” refers to the frequency that reactions were found in FIRSs obtained
across all the environments of the environment ball.

2

Environment-driven scores
Reaction frequency in the environment-specific collections of FIRS was represented by a
matrix containing the different environments of the environment ball as rows and reactions found in a pan-reactome as columns. Similarly, environment-specific metabolic niches
were summarized in a matrix with a similar structure but containing the environment ball
metabolites as columns. The averages of the columns of these matrices are, respectively,
the expected values of reaction frequencies and the expected values of metabolite usage
across environments. Residuals were obtained by taking the difference between these expected values and the values in each row (each environment). The environment-driven
scores for reactions and metabolites were defined as the standard deviation of these residuals, divided by their maximum value.

Elastic net
An elastic net model was trained to predict metabolite usage from reaction frequencies.
We used the matrices described above as training sets with five-fold cross-validation. The
natural reaction frequencies were used to predict evolutionary environments. To train
and fit the model we used the Python 3.7 package scikit-learn version 0.22.2.

Niche breadth
For each family we calculated its niche breadth on the scale from specialist to generalist
based on its presence in a large number of publicly available environmental sequencing
datasets. The score will be presented elsewhere in detail, but we will discuss the reasoning here.
61
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In short, we selected taxonomically annotated environmental sequencing projects from
the MGnify dataset [303]. We selected analyses that were annotated with the 4.1 pipeline to ensure that the taxonomic profiles were comparable, removed analyses with less
than 50,000 taxonomically annotated reads or >= 10% eukaryotic reads, chose a maximum of 1,000 samples per biome, and selected 1 analysis per sample. The 22,518 selected
analyses spanned 140 different biomes across a wide geographical range, containing both
metagenomic, transcriptomic, and amplicon datasets.

2

A family was considered present in a sample if its relative abundance was >= 1/10,000.
Niche breadth was defined as the mean pairwise distance between all the samples in
which a family is found, where the mean pairwise distance is defined as 1/2 - (Spearman's
rank correlation on family level / 2). Since this measure is solely based on the taxonomic
content of a sample, it is independent of manually added metadata such as the biome
from which it originates. A family with a low score is primarily found in samples with similar taxonomic profiles and we thus consider a specialist, and a family with a high score is
found in more dissimilar samples and is thus a generalist.
Supplementary Material

Supplementary Tables (Available online: https://danielriosgarza.github.io)
Table S2.1: Reactions in the toy example. List of toy reactions used in the in silico simulations of the toy model displayed in Figure 2.1.
Table S2.2: Bacterial and archaeal strains used in this study.
Table S2.3: Environment ball.
Table S2.4: Environment-driven reaction scores.

Figure S2.1: Convergence of the reaction frequencies of sampled FIRS to an average. The frequency of reactions was
obtained from two random-independent (non-overlapping) groups of FIRSs defined across the environment ball. The
group sizes varied according to the x-axis. As a measure of convergence, we used the correlation (A) and the meansquared error (B) between the frequencies of two independent groups. Within a prokaryote family, these values were
averaged for the 10^3 different environments. Dashed lines show the .99 and .01 correlation and mean-squared error
values, respectively.
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2
Figure S2.2: UMAP representation of the environment ball. Each point is a random draw from a uniform distribution of
the relative composition of 290 compounds of the external metabolic reactions present in any model.

Figure S2.3: Comparison of FIRSs across environments. (A) Scatter plot of the average reaction frequency of FIRSs defined across environments in the environment ball and within each environment. (B) Scatter plot of the average metabolite usage of FIRSs defined across environments in the environment ball and within each environment.
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Growth rate alterations of human colorectal
cancer cells by 157 gut bacteria
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Abstract

3

Several bacteria in the human gut microbiome have been associated with colorectal cancer (CRC) by high-throughput screens. In some cases, molecular mechanisms have been
elucidated that drive tumorigenesis, including bacterial membrane proteins or secreted
molecules that interact with the human cancer cells. For most gut bacteria, however, it
remains unknown if they enhance or inhibit cancer cell growth. Here, we screened bacteria-free supernatants (secretomes) and inactivated cells of over 150 cultured bacterial
strains for their effects on cell growth. We observed family-level and strain-level effects
that often differed between bacterial cells and secretomes, suggesting that different molecular mechanisms are at play. Secretomes of Bacteroidaceae, Enterobacteriaceae, and
Erysipelotrichaceae bacteria enhanced cell growth, while most Fusobacteriaceae cells and
secretomes inhibited growth, contrasting prior findings. In some bacteria, the presence of
specific functional genes was associated with cell growth rates, including the virulence
genes TcdA, TcdB in Clostridiales and FadA in Fusobacteriaceae, which both inhibited
growth. Bacteroidaceae cells that enhanced growth were enriched for genes of the cobalamin synthesis pathway, while Fusobacteriaceae cells that inhibit growth were enriched
for genes of the ethanolamine utilization pathway. Together, our results reveal how different gut bacteria have wide-ranging effects on cell growth, contribute a better understanding of the effects of the gut microbiome on the human host, and provide a valuable
resource for identifying candidate target genes for potential microbiome-based diagnostics and treatment strategies.
Introduction
Over the past few decades, thousands of microbial species have been identified in the human gut microbiome. Each person harbors an estimated 3.8 x 1013 bacteria in their guts
with a relatively stable species composition [304–306]. Changes in the composition of the
gut microbiome have been linked with various diseases including colorectal cancer (CRC),
the third leading cancer worldwide with an incidence that is estimated to rise in the coming decennium [307, 308]. Besides important environmental and genetic factors, the initiation and development of CRC is affected by the human gut microbiome. During tumorigenesis, the bacterial composition on the affected intestinal mucosa changes in a process
that is described by the bacterial driver-passenger model [309, 310]. Bacterial drivers may
facilitate the acquisition of hallmarks of cancer [311] in mucosal cells by generating DNAdamage, reducing the epithelial barrier function, and stimulating pro-carcinogenic immune responses. As the tumor microenvironment changes in the transition from adenoma
to carcinoma, bacterial passengers compete with the drivers, further shifting the microbiome towards a CRC signature [49, 312]. The newly acquired bacteria may in turn affect
tumor development, by potential inhibiting, enhancing, or neutral effects on tumor cell
growth [309]. These CRC-specific changes offer the opportunity to use the bacterial community for diagnostic, prognostic, preventive, and treatment measures [313–322].
In faeces of CRC patients, the genera Fusobacterium, Peptostreptococcus, Ruminococcus,
and Escherichia/Shigella are enriched, while Bacteroides and Lachnospiraceae (Roseburia,
Lachnospira, Anaerostipes) have a lower relative abundance [45, 308, 312, 313, 323–326].
Even though phyla such as Bacteroidetes are depleted, single species like enterotoxigenic
Bacteroides fragilis may be enriched in some CRC patients [326–328]. Comparing tumor
tissue with adjacent normal tissue on the intestinal mucosa of CRC patients revealed that
66
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Fusobacterium, Prevotella, Streptococcus, and Peptostreptococcus were enriched in tumors while Blautia, Escherichia, Pseudomonas, and Faecalibacterium were enriched in the
normal mucosa [45, 308, 310, 312, 324, 325, 329].
Many different bacteria have been associated with CRC tumors [49], but we are only beginning to understand the different mechanisms that are involved. The effect of bacteria
on CRC cell growth may be driven by direct bacterial-to-epithelial cell-cell contact or by secreted products present in the secretome [330, 331]. Membrane-bound bacterial proteins
that require cell-cell contact can activate epithelial cell signaling. For example, the passenger bacterium Fusobacterium nucleatum encodes the membrane protein Fusobacterium
adhesin A (FadA) that binds to E-cadherin, activating β-catenin signaling and resulting in
increased tumor growth [332–334]. Specific E. coli species with the eae gene express the
adhesin protein intimin on their membrane surface which bind and cause lesions to gut
epithelial cells, allowing bacteria to breach the colonic barrier. Once the bacteria are
bound to the epithelial cells, this allows them to inhibit DNA repair proteins, further contributing to lasting DNA damage [335–337]. Several secreted bacterial toxins are known
that can bind to receptors or pass through the cell membrane into the cytoplasm. The
driver bacterium enterotoxigenic B. fragilis secretes the metalloprotease B. fragilis toxin
(BFT) which leads to E-cadherin cleavage and increased wnt-signalling in colon epithelial
cells and to tumor formation in mice and increased cell proliferation in vivo [338, 339].
Bacteria such as Escherichia coli containing the pks island are able to produce a genotoxin
called colibactin. Upon mucosal breach, colibactin reaches the epithelial cells and alkylates
DNA, ultimately leading to tumorigenesis [340–342]. These examples show that taxonomically diverse bacteria may lead to the acquisition of hallmark capabilities via diverse mechanisms.

3

The aim of this study was to examine the effects of bacterial cells and their secretomes on
the growth rates of epithelial cells. We tested the effect of 157 different gut bacteria on
the growth rates of five CRC cell lines and one immortalized kidney cell line. Our results
revealed that different bacterial families specifically inhibit or enhance cell growth, although contrasting effects could be observed between some closely related strains. Both
known virulence genes and novel microbial pathways were associated with the different
growth rate changes. These results provide the first large-scale in vitro analysis of the effects of different microbial strains on epithelial cell growth.
Materials and methods

Bacterial strains
We selected 116 different gut bacteria, including species that are depleted or enriched in
CRC patients whose genome sequences were available in the PATRIC database [298]. Additionally, we selected specific bacteria without sequenced genomes (n=39) that were
strongly linked to CRC or were isolated from CRC tissue, including Streptococcus bovis
[343, 344], Clostridium septicum [344–346], Clostridioides difficile [347, 348], Bacteroides
sp. [328], and the two potentially beneficial bacteria Lactobacillus casei Shirota [349–351]
and Akkermansia muciniphila ATCC BAA-835TM [352–355]. Together, we analyzed 157
bacterial strains isolated from the human gut microbiome (Table S3.1).
67
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We purchased 96 bacterial strains from the reference catalogue of the Human Microbiome Project (HMP, Prof. Dr. Emma Allen-Vercoe from the University of Guelph, Canada);
24 bacteria were kindly provided by Prof. Dr. Cynthia L. Sears from Johns Hopkins School
of Medicine, Baltimore, MD, USA; five strains were purchased from DSMZ (Clostridium
septicum (Macé 1889) Ford 1927 DSM7534, C. difficile (Hall and O'Toole 1935) Lawson et
al. 2016 DSM27543 (known as Clostridium difficile 630), Fusobacterium nucleatum Knorr
1922 DSM15643, Fusobacterium nucleatum subsp. polymorphum (ex Knorr 1922) Dzink et
al. 1990 DSM20482, and Peptostreptococcus stomatis Downes and Wade 2006
DSM17678); one strain from ATCC (Streptococcus agalactiae ATCC13813); and 31 bacteria
were in stock at the Radboud University Medical Center in Nijmegen, The Netherlands
[356–358]. Information about the bacterial strains, their origin, growth media, and their
genome sequence are provided in Table S3.1.

3

Bacteria were cultured in their respective media under anaerobic conditions at 37°C aired
with nitrogen gas (N2, see Table S3.1). Alternatively, Ralstonia sp. 5_2_56FAA, Ralstonia
sp. 5_7_47FAA and Pseudomonas sp. 2_1_26 were grown aerobically at 37°C, and Bacillus
smithii was grown anaerobically at its preferred temperature of 50°C. Eight media were
prepared to culture bacteria (Table S3.1): (i) brain heart infusion-supplemented (BHI-S,
ATCC Medium 1293), (ii) BHI-S supplemented with 0.1% Tween 80 at pH 8.0 (BHI-T( [359],
(iii) NADC - 99X medium (ATCC Medium 1804), (iv) Desulfovibrio medium (ATCC Medium
2755), (v) Modified Reinforced Clostridial Medium (RCM, ATCC Medium 2107), (vi) Reinforced Clostridial medium with sodium lactate (60% solution) at a concentration of 1.5%
(RCM+, from ATCC Medium 1252), (vii) differential RCM (DRCM), and (viii) nutrient broth
(NB, ATCC Medium 3). Bacteria were grown until the medium was turbid and the optical
density (OD) was at least 1.0. Absorbance was obtained by measuring OD at 600nm.

Obtaining secretomes and bacterial cells
To investigate the effect of secreted molecules, we obtained secretomes from 154 bacterial cultures as follows. After culturing, bacteria were centrifuged at 4,700 rpm for 10
minutes and some bacteria subsequently at a higher speed to settle them down (see Table S3.1). Next, supernatants were spun at 4,700 rpm for 10 minutes to pellet any remaining bacteria and filter-sterilized using 0.2 μm filters (Sigma-Aldrich, USA). Molecules larger
than 10 kDa were concentrated using amicon ultra-15 centrifugal filters (Merck Millipore,
Merck, USA). Concentrated supernatants were frozen at -80°C until further use and are
further referred to as secretomes.
To investigate the effect of bacterial surface-bound molecules, 145 bacteria were inactivated to allow cellular growth rates to be assessed by measuring metabolic activity (see
the section “MTT assay” below). Cells of twelve spore-forming bacteria under our experimental conditions were excluded from this analysis (see Table S3.1). Pelleted bacteria
were resuspended in 70% ethanol and incubated for 5 minutes according to our inactivation protocol [360]. After centrifugation at 20,000 rcf for 30 seconds, bacteria were
washed in PBS twice and inactivated bacteria were frozen at -80°C until further use.

Culturing of cell lines and identification of their mutational landscapes
Five CRC cell lines (Caco-2, HCT15, HCT116, HT29, and SW480) and one immortalized em68
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bryonic kidney cell line (HEK293T) were selected based on their differences in mutational
landscapes [361]. Most commonly mutated oncogenes and tumor suppressor genes in
CRC were confirmed with targeted single molecule molecular inversion probe (smMIP)
mutation analysis as described [362], with additional smMIPs targeting CXCR4
(NM_001008540.1) codons 281-357, EZH2 (NM_00004456.4) codons 471-502, 618-645,
679-704, and SF3B1 (NM_012433.2) codons 603-471, 833-906 (smMIP sequences are available upon request), at the Radboud Diagnostics Department, Nijmegen, The Netherlands
(Table S3.2). Cells were split twice a week using Dulbecco's Modified Eagle Medium
(DMEM, Lonza, Switzerland) supplemented with 10% fetal bovine serum (FBS, Thermo
Fisher Scientific, USA) and 1% Penicillin/Streptomycin (Pen/Strep, Thermo Fisher Scientific,
USA). Cells used for this study were not split for more than 25 passages.
For MTT assays, optimal cell seeding in 96 well plates (Greiner Bio-One, Austria) was defined at 5,000 cells/well for Caco-2, 4,000 cells/well for HCT15, 1,500 cells/well for
HCT116, 10,000 cells/well for HT29, 6,000 cells/well for SW480, and 20,000 cells/well for
HEK293T. Cells were incubated overnight to attach before addition of secretomes or bacterial cells.

3

MTT assay
Secretomes were diluted to their original concentrations in DMEM supplemented with
10% FBS and 1% Pen/Strep. Inactivated bacteria were diluted with DMEM supplemented
with 10% FBS and 1% Pen/Strep to an OD of 0.2 and incubated on cell lines up to 72
hours. For secretomes, filter sterilized bacterial culture media used to generate secretomes
served as a control for cell growth in the assay, while for bacterial cells, DMEM supplemented with 10% FBS and 1% Pen/Strep served as control for cell growth. MTT assays
were performed to measure the cell metabolic activity every 24 hours.
These assays involve the conversion of the water-soluble yellow dye MTT [3-(4,5dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide] to the insoluble purple formazan
by the action of mitochondrial reductase. At 24, 48, and 72 hours 10 μl of MTT (5 mg
MTT dissolved per mL PBS) dye was added to the wells and cells were incubated for 3
hours. Formazan was then solubilized with 150 μL MTT solvent (0.5 mL of 10% Nonidet
(dissolved in water), 50 mL isopropanol (2-propanol) and 16,7 μL hydrochloric acid fuming
37% together) and the concentration determined by optical density at 570 nm (BioRad
microplate reader model 680). Metabolic activity of cell lines was used as a measure for
cell growth [363]. All experiments were performed in quadruplicate.

Cell growth analysis
Absorbances at optical density of 570 nm were measured by MTT assays at four time
points (0, 24, 48, and 72h). Growth rates per hour were calculated by dividing the difference in absorbance by the time interval between measurements (24 h). Results from four
independent experimental replicates were averaged. Growth rates between 24-48 h were
selected for comparative analysis because that time window captured the optimal growth
for most cell lines (Figure S3.1).
A growth rate score was defined by subtracting the growth of negative controls (cells cultured without bacterial products) from those cultured with bacterial products (secretomes
69
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or bacterial cells). Scores greater than 0 refer to enhanced growth, while scores lower
than 0 refer to inhibited growth (see Tables S3.3 and S3.4). To allow comparability between cell lines, normalized growth rate scores were calculated by dividing per cell line
the scores (g) of each of the n bacteria by the norm (|g|) of the experimental condition (
). The normalized growth rate scores were used to evaluate whether the enhancing or inhibiting effect of a bacteria is significantly stronger than the mean effect observed for all other bacteria. For this purpose, growth rate scores were transformed into z
-scores and p-values were computed by separate one tailed z-tests for enhancing or inhibiting effects. Based on these p-values, strains were identified as enhancers or inhibitors of
growth by using a cut-off of p<0.05. This cutoff represents the 5% extremes of the distribution of z-scores and were here used to identify the strongest effects. The FDR corrected
p-values were also reported (Tables S3.3 and S3.4).

3

The overall effects of bacterial secretomes and inactivated cells were visualized by projecting their normalized growth scores in a two-dimensional space with the t-SNE algorithm
[502]. To evaluate if bacteria of the same family have a similar overall effect on cell
growth relative to bacteria from other families, we applied unsupervised nearest neighbor
clustering [503] and evaluated how often bacteria from the same family were nearest
neighbors compared to a random sample without replacement. For this analysis, we only
used bacteria from families with more than four representatives. Random groups were
evaluated per family and were defined to contain the same number of strains as the family. Fisher’s exact test was used to evaluate if the nearest neighbor groups were enriched
for bacteria of the same family compared to 1,000 random groups of the same size. The
harmonic means of p-values from this comparison are reported.

Association of bacterial virulence genes to growth rate changes
Bacterial genomes were screened for 35 known virulence genes that may be associated
with cancer or epithelial cell changes (Table S3.5). The virulence factors Map
(Mitochondrial associated protein), Type-3 secretion system (T3SS) effector protein of
Citrobacter rodentium, Shiga toxin 2A (Stx2A), Shigella enterotoxin 1 (ShEt1), and colibactin (cyclomodulin toxin on polyketide synthase (pks) island of Enterobacteriaceae) were
identified in the Enterobacteriaceae family, B. fragilis toxin (BFT) in B. fragilis species, FadA in the Fusobacteriaceae family and Clostridium difficile toxin A (TcdA) in the Clostridiales order (Table S3.5). Growth rate changes of strains containing virulence genes (if present in ≥ 3 strains) were compared to those of their non-virulent counterparts within the
family or species (in case of B. fragilis). Groups were compared using Mann-Whitney Utest of aggregate data of all cell lines. P<0.05 was considered significant.

Genes and subsystems identification
To identify genes that are associated with the inhibiting/enhancing effects of bacterial
strains within families, we sorted all strains based on their effect on growth rate scores
and used a normalized Kolmogorov-Smirnov statistic to quantify the association of a gene
with the observed effect. Significance of the rank-based statistic was estimated by comparing its value to values obtained from 103 random permutations of the same list. This
provided all genes encoded by the genomes from a family with a p-value which quantified
70
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Growth rate alterations of human colorectal cancer cells by 157 gut bacteria

the association of the gene to the inhibiting/enhancing effect. We evaluated if genes that
belong to the same functional subsystems [298, 364] were more often found to be significantly associated to the inhibiting/enhancing effect than to 103 random groups of genes.
We defined this association by modeling the average count of genes belonging to a functional subsystem within the random groups as Poisson distributed variables. We then tested if the count of genes with significant p-values was statistically higher than expected
from the Poisson model, with a significance level of 0.05 after Benjamini/Hochberg correction for multiple tests. We used the Poisson distribution as the null distribution since (i)
the labels for functional subsystem within the random groups are independent; (ii)
Counts are expressed as averages from many random samples; (iii) the mean and variance
are equivalent, all features consistent with a Poisson distribution [365].

Bacterial family-level and strain-level effects on CRC cell growth rates
To assess the overall effect of the different bacterial secretomes and cells on our six cell
lines, we projected the growth rate scores into a two-dimensional t-SNE plot. Figure 3.3
shows this lower dimensional space overlayed with family specific colors and a shade corresponding to the average growth effect. We observed a clear clustering of most of the
bacterial families, i.e. cells or secretomes from the same families tend to have similar effects on the different cell lines (see also Figure 3.1, Table 3.1). To confirm this observation, we tested if the growth effects of bacteria from the same family were more similar
than one would expect by chance. The effect of bacterial cells and secretomes was found
to be significantly clustered for five and three bacterial families, respectively (Table S3.7).
For bacterial cells, the most striking effect was observed for Fusobacteriaceae that generally inhibited cell growth. Most Bacteroidaceae, Enterobacteriaceae, and Erysipelotrichaceae secretomes enhanced cell growth, although not always significantly (Figure 3.1).
Contrastingly, Clostridiaceae secretomes generally inhibited growth rates.

3

In the Bacteroidaceae family (n=41 strains tested), secretomes and bacterial cells of seven
and one strains significantly enhanced cell growth, respectively. The effects were most
prominently observed in Caco-2 cells, while the growth of the cell line HEK293T was only
significantly enhanced by the secretome of Bacteroides sp. 4_1_36 (Figure 3.2C & Table
3.1). Only three Enterobacteriaceae secretomes (n=15) significantly enhanced growth of
HEK293T cells (Escherichia coli 4_1_47FAA) and HCT116 (Escherichia coli 4_1_47FAA and
D9, and Klebsiella sp. 1_1_55) while no effects were observed for bacterial cells.
Growth inhibiting effects were mainly observed within the family Fusobacteriaceae
(Figure 3.1, Table 3.1). From the 12 out of 16 significant Fusobacteriaceae (81.3%) cells,
two enhanced and ten inhibited cellular growth. Fusobacterium necrophorum subsp. funduliforme 1_1_36S cells enhanced growth in HCT116, SW480, and HEK293T cells. Strikingly, while Fusobacterium nucleatum subsp. animalis 11_3_2 cells enhanced growth of Caco2 and HCT116, its secretome inhibited growth in those same cell lines. Especially the cell
line HCT15 was sensitive for Fusobacteriaceae growth inhibition where 11 out of 16
strains significantly reduced growth rates. Alternatively, HEK293T and Caco-2 were less
sensitive to Fusobacteriaceae with only four out of 16 strains inhibiting cell growth. Notably, the effect of Fusobacteriaceae secretomes on cell growth may be cell specific depending on for example mutation status, since most secretomes that inhibited HCT116, SW480
and HCT15, did not inhibit growth of Caco-2 and HEK293T cells.
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Growth rate alterations of human colorectal cancer cells by 157 gut bacteria
FIGURE 3.1. Growth rate scores of six human cell lines upon treatment with bacterial cells and secretomes. (A) Heatmap
indicating low and high growth rate scores, respectively red and blue. Bacteria are sorted within bacterial families by the
average growth rate score. Red numbered octagons highlight the strains discussed in the text: Bacteroides sp. 2_1_22
(1), B. fragilis K570 clinda R (ETBF) (2), B. sp. 4_1_36 (3), Clostridium septicum (Mace 1889) Ford 1927 (4), C. sp. D5
(5), Escherichia coli D9 (6), Klebsiella sp. 1_1_55 (7), E. coli 4_1_47FAA (8), F. nucleatum DSM 15643 (ATCC 25586) (9), F.
nucleatum DSM 20482 (ATCC 10953) (10), F. necrophorum subsp. funduliforme 1_1_36S (11), F. nucleatum subsp. animalis 11_3_2 (12), Lachnospiraceae bacterium 8_1_57FAA (13), L. bacterium 3_1_46FAA (14), Streptococcus bovis 1212
(15), S. bovis 1459 (16), S. bovis 1417 (17), S. bovis 207 (18), Pediococcus acidilactici 7_4 (19), Pseudomonas sp. 2_1_26
(20), D. sp. 6_1_46AFAA (21), Ralstonia sp. 5_2_56FAA (22), Ruminococcaceae bacterium D16 (23), Synergistes sp.
3_1_syn1 (24), Desulfovibrio sp. 3_1_syn3 (25), Propionibacterium sp. 5_U_42AFAA (26), and Eubacterium sp. 3_1_31
(27). Highlighted with asterisks are cases that correspond to the 5% extremes of the z-score distribution. (B) Distribution
of the growth rate scores for bacterial cells and secretomes. Histograms show the distribution of the values from the two
heatmaps above, indicating that on average bacterial cells exhibit a stronger inhibiting effect when compared to secretomes.

3

FIGURE 3.2: Growth rate alterations of cells lines upon incubation with bacterial cells and secretomes. Distribution plots
illustrating effects of (A) bacterial cells and (B) secretomes on cell lines. Negative numbers indicate growth inhibition
whereas positive numbers show growth enhancement. The color intensity of the circles represents significance of the
effect on growth. (C) Overview of the number of bacterial cells and secretomes significantly enhancing or inhibiting cell
growth per tested cell line, sorted by bacterial family. The shading of the bar (arrow pointing upwards) highlights enhancing and unshaded bar (arrow pointing downwards) highlights inhibiting strains. (D) Correlation of number of
strains significantly altering growth rates to the number of pathogenic mutations present in cell lines. HEK293T, Caco-2,
HT29, SW480, HCT116, and HCT15 were shown to possess 0, 1, 2, 2, 3, and 4 pathogenic mutations, respectively.
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Families with fewer than 5 strains tested
Among strains from families with less than five tested strains (n=18), Eubacterium sp.
3_1_31 and Propionibacterium sp. 5_U_42AFAA cells increased cell growth rates in SW480
and HCT15 cells, respectively (Table 3.1). Interestingly, Pseudomonas sp. 2_1_26 secretomes significantly inhibited the growth rates of all cell lines while the cells specifically inhibited SW480. Pediococcus acidilactici 7_4 and Ruminococcaceae bacterium D16 cells selectively inhibited HEK293T, while Synergistes sp. 3_1_syn1 also inhibited HCT116. Aerobically cultured Ralstonia sp. 5_2_56FAA secretomes inhibited 2 cell lines, SW480 and HEK293T. For Desulfovibrio sp. 3_1_syn3, the secretome increased Caco-2 growth while the
bacterial cells increased HT29 growth. Contrastingly, these same bacterial cells decreased
growth of HCT116 and HEK293T. Similarly, Desulfovibrio sp. 6_1_46AFAA cells decreased
the growth rates of HCT116, SW480 and HEK293T cells.

Strain-specific effects that contrast their family

3

While strains from the same bacterial families tend to have similar effects on the growth
rates of cell lines (Table S3.7), large variations were observed within certain families. For
instance, within the Clostridiaceae family, the secretome of Clostridium septicum (Mace
1889) Ford 1927 strongly inhibited growth of all tested cell lines, while the Clostridium sp.
D5 secretome enhanced growth, although the significance threshold was not reached
(Figure 3.1 and Table S3.4). Similarly, Bacteroides sp. 2_1_22 cells strongly inhibited the
growth rates of all cell lines while B. fragilis K570 cells enhanced growth in most cell lines
(Figure 3.1 and Table S3.3). A large growth rate variation was also observed in cell lines
exposed to Lachnospiraceae cells (n=11). For this family, the cells of L. bacterium
3_1_46FAA and L. bacterium 8_1_57FAA significantly inhibited the growth rates of all cell
lines, while most of the other strains showed weak or low inhibition.
The observed variations in growth effect within bacterial families might either be explained by the phylogenetic distances between the strains or by characteristics with a nonphylogenetic distribution, such as accessory functions. To evaluate this, we measured the
distances on a phylogenomic tree and compared them with the differences in growth rate
effects over the cell lines. For most bacterial families, there is no association between the
growth rate effects and phylogenetic distances (Table S3.8, Figure S3.4), suggesting that
these effects may be associated with accessory functions that are independently gained or
lost in different lineages. For Erysipelotrichaceae secretomes and cells, Fusobacteriaceae
cells, and Lachnospiraceae secretomes, we found that the phylogenetic distance was significantly correlated with the growth rate effects, suggesting that these effects may be
associated to variations in universally shared genes or to accessory functions with phylogenetically consistent dynamics.

The presence of virulence genes is associated with growth rate inhibition
To explain the complex, sometimes strain-dependent patterns of growth enhancement or
inhibition, we analyzed the genome sequences of 144/157 tested gut bacteria. First, we
checked whether 35 known bacterial family-specific virulence genes were present within
the genomes of the tested strains (Table S3.9), because some of the encoded virulence
factors have been linked to cell proliferation changes. Nine toxin genes were found, including TcdA, TcdB [366]; alpha-toxin of Clostridiales; FadA [332]; colibactin present on

74

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 74

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

Growth rate alterations of human colorectal cancer cells by 157 gut bacteria

Table 1: Secretomes and bacteria significantly enhancing or reducing cell growth rate (z-scores).
CacoHT29 HCT15 SW480 HCT116 HEK293T
Family
Bacteria
2

Bacteroidaceae

Clostridiaceae

B. dorei 5_1_36/D4

0.89

0.82

1.36

0.90

1.87

1.38

B. eggerthii 1_2_48FAA

1.82

0.59

1.51

1.16

1.21

1.48

B. fragilis K570 clinda R (ETBF)

1.74

1.71

1.77

0.71

1.15

0.36

B. massiliensis 3972 T(B)2

-0.44

-1.63

-0.83

-0.51

-1.45

-2.01

B. ovatus 3_8_47FAA

1.96

0.17

1.17

1.27

1.24

1.42

Bacteroides sp. 1_1_6

2.36

-0.21

0.63

0.86

1.27

0.93

Bacteroides sp. 2_1_16

1.15

0.51

0.98

0.53

1.87

1.17

Bacteroides sp. 2_1_22

-1.83

-0.73

-0.05

-0.49

0.82

-0.08

Bacteroides sp. 2_1_22

-2.49

-2.26

-2.31

-1.64

-2.42

-1.78

Bacteroides sp. 4_1_36

2.39

0.67

1.34

1.58

1.50

1.93

Bacteroides sp. 9_1_42FAA

1.71

-0.06

0.71

1.09

1.46

0.87

Bacteroides sp. D2

-1.82

-0.64

-0.04

-0.17

0.45

0.04

C. septicum (Mace 1889) Ford 1927

-4.64

-5.02

-4.11

-2.63

-1.84

-4.49

1.63

1.05

1.26

1.17

2.12

1.65

0.48

0.64

1.12

0.88

1.75

1.28

Enterobacteriaceae E. coli 4_1_47FAA
E. coli D9
Klebsiella sp. 1_1_55

3

0.77

1.15

1.19

0.57

1.92

0.70

Erysipelotrichaceae Coprobacillus sp. 29_1

-0.06

1.32

1.94

1.03

0.81

0.91

Coprobacillus sp. 29_1

0.40

1.84

1.64

1.15

0.72

0.21

Coprobacillus sp. 8_2_54BFAA

0.68

1.78

1.59

1.15

0.82

0.46

Coprobacillus sp. D7

1.02

1.64

1.74

1.18

0.80

0.58

Erysipelotrichaceae bacterium 2_2_44A

1.07

1.26

1.70

0.95

1.82

0.68

Erysipelotrichaceae bacterium 21_3

1.19

1.51

1.85

1.13

1.47

1.10

F. gonidiaformans 3-1-5R

-0.43

-1.52

-2.62

-3.32

-2.16

-1.16

F. necrophorum subsp. funduliforme 1_1_36S

1.18

1.98

1.12

1.71

2.63

1.72

F. nucleatum subsp. animalis 11_3_2

-2.50

-2.86

-3.56

-3.09

-2.70

-0.77

Fusobacteriaceae

F. nucleatum subsp. animalis 11_3_2

2.15

0.48

1.11

0.96

2.09

1.20

F. nucleatum subsp. animalis 21_1A

-1.45

-1.74

-2.31

-1.33

-1.47

-1.03

F. nucleatum subsp. animalis 3_1_33

-0.66

-1.74

-2.07

-1.24

-1.60

-1.25

F. nucleatum subsp. animalis 7_1

0.14

-0.72

-1.49

-1.83

-1.81

0.10

F. nucleatum subsp. animalis 7_1

-1.86

-1.40

-2.48

-1.73

-1.30

-1.75

F. nucleatum subsp. nucleatum ATCC 25586

-1.64

-1.67

-1.67

-1.89

-1.67

-2.04

F. nucleatum subsp. polymorphum ATCC 10953 -1.51

-1.39

-1.33

-1.94

-1.60

-1.88

F. nucleatum subsp. vincentii 3_1_27

-0.48

-1.88

-2.13

-1.65

-1.56

-1.20

F. nucleatum subsp. vincentii 3_1_36A2

-0.95

-1.62

-2.24

-1.72

-1.17

-1.26

F. nucleatum subsp. vincentii 4_1_13

-0.97

-1.92

-2.06

-1.52

-1.76

-1.45

F. periodonticum 1_1_41FAA

-0.83

-1.94

-2.04

-1.27

-1.69

-1.48

F. periodonticum 2_1_31

-3.10

-3.10

-3.38

-2.64

-2.44

-2.35

F. periodonticum 2_1_31

-1.08

-1.32

-1.66

-0.86

-0.97

-1.90
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F. nucleatum subsp. animalis 7_1

0.14

-0.72

-1.49

-1.83

-1.81

0.10

F. nucleatum subsp. animalis 7_1

-1.86

-1.40

-2.48

-1.73

-1.30

-1.75

F. nucleatum subsp. nucleatum ATCC 25586

-1.64

-1.67

-1.67

-1.89

-1.67

-2.04

F. nucleatum subsp. polymorphum ATCC 10953

-1.51

-1.39

-1.33

-1.94

-1.60

-1.88

F. nucleatum subsp. vincentii 3_1_27

-0.48

-1.88

-2.13

-1.65

-1.56

-1.20

F. nucleatum subsp. vincentii 3_1_36A2

-0.95

-1.62

-2.24

-1.72

-1.17

-1.26

F. nucleatum subsp. vincentii 4_1_13

-0.97

-1.92

-2.06

-1.52

-1.76

-1.45

F. periodonticum 1_1_41FAA

-0.83

-1.94

-2.04

-1.27

-1.69

-1.48

F. periodonticum 2_1_31

-3.10

-3.10

-3.38

-2.64

-2.44

-2.35

F. periodonticum 2_1_31

-1.08

-1.32

-1.66

-0.86

-0.97

-1.90

Anaerostipes sp. 3_2_56FAA

-0.51

-1.67

-1.39

-2.08

-1.54

-1.47

C. symbiosum WAL-14163

-1.01

-1.27

-1.75

-1.82

-0.70

-2.33

C. symbiosum WAL-14673

-1.80

-1.20

-1.56

-2.32

-1.14

-1.14

Lachnospiraceae bacterium 1_1_57FAA

2.04

0.78

0.80

1.62

0.60

0.81

Lachnospiraceae bacterium 3_1_46FAA

-2.41

-1.37

-2.59

-2.30

-1.84

-3.22

Lachnospiraceae bacterium 4_1_37FAA

1.98

0.93

1.19

1.46

1.80

1.23

Lachnospiraceae bacterium 5_1_63FAA

0.50

1.68

1.81

1.04

0.09

1.04

Lachnospiraceae bacterium 8_1_57FAA

-2.70

-1.52

-2.70

-2.30

-1.95

-3.24

Parabacteroides sp. 2_1_7

0.06

0.17

0.56

0.88

1.89

0.73

Parabacteroides sp. 2_1_7

1.73

-0.64

0.92

-0.04

0.32

0.41

Parabacteroides sp. D13

0.86

0.56

1.04

1.22

2.21

1.10

Streptococcaceae S. bovis 1212

0.23

1.64

0.40

0.62

-0.66

-0.41

S. bovis 1417

0.49
0.63

1.65

0.39

0.67

-0.51

-0.02

2.10

0.84

1.13

0.94

0.53

0.45

0.81

-0.59

-0.42

S. salivarius NTB2

0.35
-0.98

2.29
-0.89

-1.73

-1.98

-1.52

-0.86

S. sp. 2_1_36FAA

-1.57

-1.84

-0.52

-0.51

-1.73

-1.54

C. difficile (Prévot 1938) Lawson et al. 2016

0.13

-1.75

-1.26

-2.10

-1.22

-2.04

Desulfovibrio sp. 3_1_syn3

2.20

0.17

0.41

0.99

-0.37

-0.17

Desulfovibrio sp. 3_1_syn3

-0.77

1.76

-0.40

-1.47

-1.77

-2.52

Desulfovibrio sp. 6_1_46AFAA

0.90

0.06

-0.87

-0.55

-1.75

-1.35

Desulfovibrio sp. 6_1_46AFAA

-0.78

1.17

-0.69

-1.93

-2.06

-3.17

Eubacterium sp. 3_1_31

1.25

1.02

1.24

1.85

0.96

1.43

P. acidilactici 7_4

-1.58

-0.82

0.71

0.33

-1.39

-1.95

Propionibacterium sp. 5_U_42AFAA

0.20

0.20

2.02

0.96

-0.31

-1.33

Pseudomonas sp. 2_1_26

-4.60

-5.41

-4.35

-4.20

-2.87

-4.21

Pseudomonas sp. 2_1_26

-0.02

-1.26

-0.72

-1.91

-1.45

0.35

Ralstonia sp. 5_2_56FAA

-1.12

-0.28

0.99

-2.05

-0.36

-2.18

Ruminococcaceae bacterium D16

-1.14

-1.53

-1.34

-1.23

-1.22

-2.50

Synergistes sp. 3_1_syn1

-1.40

-1.60

-1.57

-1.34

-1.68

-2.09

Tannerellaceae

S. bovis 1459
S. bovis 207

Other

in

the final

Secretomes are highlighted in grey, green represents significant enhancement (p<0.05) in cell growth rate and red represents significant reduction (p<0.05) in cell growth rate.
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Growth rate alterations of human colorectal cancer cells by 157 gut bacteria

the pks-island [367, 368]; Shiga toxin ShEt1; Shigella enterotoxin Stx2A; effector protein
Map secreted by T3SS of Citrobacter rodentium and Escherichia coli [369, 370]; and BFT
[339].
As shown in Figure 3.4, strains containing virulence genes tend to change growth rates,
relative to related strains without those virulence genes. For example, the secretomes of
Clostridiales strains significantly inhibited growth rate if their genomes contained TcdA
(Figure 3.4D, p<0.0001). TcdA and TcdB secretion by Clostridioides difficile (Prévot 1938)
Lawson et al. 2016 was confirmed by ELISA (data not shown). Similarly, Fusobacteria
strains encoding the membrane protein fadA, that might be responsible for growth rate
changes of epithelial cells [332], inhibited growth rates significantly (Figure 3.4B, p<0.0001
and p<0.05 for bacterial cells and secretomes respectively). Within the Enterobacteriaceae
family, multiple secreted toxins were identified in the genomes, including colibactin,
ShEt1, Stx2A, and Map. Secretomes of Enterobacteriaceae possessing any of these toxins
inhibited cell growth relative to strains without these toxins (Figure 3.4C, p<0.0001). No
differences were observed between bacterial cells of Enterobacteriaceae with or without
the toxin genes. The secretomes of three B. fragilis strains encoding the secreted enterotoxin bft enhanced the growth rates of CRC cells, while the five B. fragilis strains without
the toxin did not, although this trend was not significant (Figure 3.4A, p=0.075). The
trend was not observed for bacterial cells, where only B. fragilis K570 significantly enhanced growth rates (Table 3.1).

3

FIGURE 3.3. t-SNE plots summarizing the overall growth effects of bacterial cells (A) and secretomes (B) on six human
cell lines. Colored circles correspond to strains belonging to particular bacterial families. Magenta and light blue shading
around the circles indicate enhancing and inhibiting effects of strains, respectively. Families labelled as “Others” contains
the following strains for bacterial cells (A): Lactobacillaceae (1), Peptostreptococcaceae (2), Desulfovibrionaceae (3),
Eubacteriaceae (4), Bifidobacteriaceae (5), Enterococcaceae (6), Veillonellaceae (7), Synergistaceae (8), Burkholderiaceae (9), Pseudomonadaceae (10), Propionibacteriaceae (11), Ruminococcaceae (12), Akkermansiaceae (13), Acidaminococcaceae (14). And the following strains for secretomes (B): Lactobacillaceae (1), Eubacteriaceae (2), Clostridiaceae
(3), Peptostreptococcaceae (4), Bifidobacteriaceae (5), Enterococcaceae (6), Veillonellaceae (7), Synergistaceae (8),
Burkholderiaceae (9), Desulfovibrionaceae (10), Propionibacteriaceae (11), Ruminococcaceae (12), Pseudomonadaceae
(13), Akkermansiaceae (14), Acidaminococcaceae (15), Bacillaceae (16).

Functional categories associated with differential effects within families
Beside the toxin genes described above, other genes might also play a role in the observed effects. Thus, we next performed an unbiased comparative genome analysis where
we associated all annotated bacterial genes to the effect of the strain on cell growth. We
next grouped the genes by functional category and assessed whether genes within a cate77
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gory were significantly associated with cell growth alterations. Based on the PATRIC [298]
annotations we evaluated genes in two hierarchical levels of functions, namely
‘Subsystems’ and ‘Superclass’. All functional categories found to be significantly associated with cell growth alterations are listed in Table S3.10.
The “Membrane transport” superclass was significantly associated with inhibiting Enterobacteriaceae cells and secretomes, and with enhancing Fusobacteriaceae secretomes. Other enriched superclasses included: “Cell envelope”, “Metabolism”, “Cellular processes”,
“Protein processing”, “Energy”, and “Stress response, defense and virulence” (Table
S3.10). Subsystems including “Cobalamin synthesis”, “Ethanolamine utilization”, and the
“Dpp dipeptide ABC transport system” were consistently found to be associated with
growth enhancement or inhibition in multiple bacterial families and in multiple cell lines
(Table S3.10). The significant effects of other subsystems including “Vir-like type 4 secretion system”, “Glutamate fermentation”, “Flagellum”, “Branched-chain amino acid biosynthesis”, and others were associated with specific bacterial families. We expect that these
statistical associations will provide valuable leads for future experiments.

3

FIGURE 3.4. Influence of strains with and without encoded virulence factors on cellular growth rates. B. fragilis (A),
Fusobacteriaceae (B), Enterobacteriaceae (C) and Clostridiaceae (D) encoding the virulence factors bft, fadA, any toxin
(Map, pks, ShEt1, Stx2A), and any toxin (TcdA, TcdB, alpha-toxin), respectively, were compared to strains without these
encoded virulence factors (Mann-Whitney U test). A trend towards cell growth enhancement was observed for B. fragilis bft+ secretomes (p=0.07) (A), while significant inhibition of cell growth was observed for fadA+ Fusobacteriaceae
cells (p<0.0001), and secretomes (p<0.05) (B), for Enterobacteriaceae secretomes encoding toxins (p<0.0001) (C), and
for Clostridiales secretomes encoding toxins (p<0.0001) (D).
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Discussion
Over 150 human gut bacteria belonging to taxonomic groups that have previously been
associated with CRC were tested for their effects on cell growth of five CRC cell lines
(HT29, Caco-2, HCT116, SW480 and HCT15) with different mutation landscapes representing commonly mutated genes in CRC, and one immortalized kidney cell line (HEK293T).
Our results show that cell growth enhancing and inhibiting effects of gut bacteria depend
both on the mutational landscape of the cells and on the identity and functional content
of the bacteria, including secreted or cell wall attached factors. CRC is a heterogeneous
disease, as is reflected in the five different CRC cell lines with mutations in key CRC related genes (KRAS, APC, BRAF, TP53, CTNNB1 and PIK3CA). These mutations are absent
from the HEK293T cells, an immortalized kidney cell line, HEK293T. This cell line was affected by the lowest number of gut bacterial strains, with only small differences.

Closely related bacteria may have distinct effects on cell growth
A striking observation was that the effects of bacterial cells and secretomes were strongly
associated to bacterial families, although exceptions to this general pattern were observed. Previous studies have found that Fusobacteria, Streptococcus, Peptostreptococcus,
Ruminococcus and Escherichia/Shigella tend to be enriched in tumors, while Bacteroides,
Pseudomonas, Lachnospira and Anaerostipes are depleted [45, 308, 310, 312, 324, 325,
329, 332, 342, 371–374]. Regardless of the enrichment or depletion on CRC tumors in vivo, our in vitro results indicate that closely related bacteria may have distinct effects on
cancer cell growth. For example, we observed that different Fusobacteria strains, which
were all cultured in the same media under the same conditions, may have opposing effects on cancer cell growth, while these bacteria are consistently enriched in patients [45,
329, 375]. This suggests that specific bacterial factors play a role in CRC.

3

Fusobacteriaceae: enhancing or inhibiting growth?
Previous studies indicated that Fusobacteriaceae enhanced growth of HCT116, SW480,
and HT29 cells [332, 374]. F. nucleatum ATCC25586 was shown to enhance CRC cell
growth via interaction with Toll like receptors TLR4, TLR2, and myeloid differentiation primary response protein 88 (MYD88) [374], and the F. nucleatum strain Fn12230 was previously shown to enhance cell growth through the cell-wall attached adhesin FadA [332].
Our results showed that most Fusobacteriaceae significantly inhibited cellular growth, including Fusobacterium nucleatum ATCC25586, contrasting previous observations [374,
376], and that the presence of the FadA gene was significantly linked to growth inhibition by cells and secretomes (Table 3.1). Notably, the secretomes showed less pronounced inhibition than bacterial cells. While FadA is membrane-bound, secretomes likely
include outer membrane vesicles (OMVs) that are 40-110 nm in size and express FadA
[333, 377]. To rule out the possibility that these contrasting results were due to differences in methods, we compared our high-throughput MTT-based assay, used in this
study, with the cell counting assay, that was employed in the referred studies, on 6 cell
lines, using 6 different secretomes, and found a high correlation (Pearson’s r=0.813, Figure S3.5). These results confirm that the observed inhibitory effects by Fusobacteriaceae
strains do not depend on the applied experimental techniques, but may partly be due to
79

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 79

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

use of different Fusobacteriaceae strains (Fn12230, ATCC25586, ATCC23726) isolated
from extra-intestinal sites [378]. Specifically, HCT15 cell growth was significantly inhibited
by 11/16 Fusobacteriaceae strains (nine cells and three secretomes). HCT15 cells contain a
missense mutation in MYD88 (p.Arg264Ter) resulting in a MYD88 deficiency, and may
thus explain the insensitivity of this cell line to F. nucleatum subsp. animalis 11_3_2 and F.
necrophorum subsp. funduliforme 1_1_36S, the two Fusobacteriaceae strains that promoted growth of the other CRC cell lines, but not of HCT15.

Virulence factors are associated to cell growth inhibition

3

The growth-inhibiting properties of Clostridiaceae secretomes may result from toxins encoded by this family. We observed that Clostridioides difficile (Prévot 1938) Lawson et al.
2016 and Clostridium septicum (Mace 1889) Ford 1927 secreting the virulence factors
TcdA and TcdB, and lethal alpha toxin, respectively, significantly inhibited cell growth
compared to the other Clostridiales secretomes. Clostridium septicum has been associated
to CRC in the past [316, 317].

Enterobacteriaceae strains encoding the toxins colibactin, Stx2A, ShEt1, and Map inhibited cell growth relative to non-toxigenic Enterobacteriaceae strains. Colibactin (present in
four of our Escherichia strains) is a genotoxic compound that alkylates DNA and generates DNA double strand breaks [342, 372]. The DNA damaging effect of colibactin may
not directly affect cell growth in our experimental setup, although colibactin may induce
cell cycle arrest via SUMOylation of TP53 causing inactivation [367, 368]. Cell cycle arrest
would stall cell growth, which can only happen in TP53 wildtype cell lines with active TP53
protein. Indeed, the only cell lines that were relatively inhibited by strains encoding colibactin were the wildtype TP53 cell lines HEK293T and HCT116.
An important virulence factor of B. fragilis is BFT [379]. While in previous research BFT
was shown to enhance cell growth of HT29/c1 cells via β-catenin nuclear signaling [339],
enterotoxigenic B. fragilis secretomes (VPI13784 (bft1), 86-5443-2-2 (bft2), and K570
(bft3)) only marginally enhanced CRC cell growth in our assay compared to the other B.
fragilis secretomes in our screen. The mild effects as observed may depend on the level of
toxin production and secretion under our experimental conditions. Interestingly, enterotoxigenic B. fragilis str. Korea 570 cells significantly enhanced growth, which might be independent of BFT and related to other cell-wall attached factors.

Streptococcus bovis strains specifically enhance growth of HT29 cells
Streptococcus bovis infections have been linked to colorectal neoplasia [343, 380, 381].
Our results demonstrate that secretomes of Streptococcus bovis strains that are closely
related to known S. gallolyticus and S. pasteurianus strains (Figure S3.3), selectively enhance growth of HT29 cells. This is in line with a previous study showing cell growth enhancing effects in HT29 and HCT116 cells that was mediated through β-catenin, while no
effect was observed in SW480 and HEK293T cells [382]. An intact β-catenin pathway may
therefore be required to observe the specific effect of S. gallolyticus on cell growth as is
the case in HT29 cells [383], which may thus be sensitive to the effects of S. gallolyticus in
our assay. HCT116 cells have a mutation in CTNNB1 (p.Ser45del) that interferes with β80
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catenin degradation, which may explain its insensitivity to S. gallolyticus. Alternatively,
mutations in the APC-gene in the other CRC-cells [384] may interfere with β-catenin signaling depending on the specific mutation.

Bacterial functions associated with cell growth alterations
Several functional categories were significantly associated with cell growth. Most of these
functions were identified in specific bacterial families and consistently inhibited or enhanced cell growth in different cell lines. These functions may reflect novel pathways of
bacterial interference with cell growth that, to our knowledge, have not been previously
identified. Most functions are related to cell metabolism, secretion, and transport systems. For example, secretomes of Enterobacteriaceae that encode the “Vir-like type 4 secretion system” inhibited growth of all cell lines. Similarly, the gene superclass “Membrane
transport” was mostly associated to secretomes that inhibited cell growth (Table S3.10).
Molecules that are secreted by these bacterial transport systems may be responsible for
the inhibiting effect. For example, the Vir-like type 4 secretion system allows bacteria to
secrete proteinaceous effectors that kill competitors [385]. Here, we report an important
first step in understanding the cell growth enhancing or inhibiting effects of human gut
bacteria by identifying putative transport systems for effector molecules.

3

While the growth effects of secretomes were mostly associated with membrane transport
functions, effects on cell growth by bacterial cells were associated with metabolic pathways (Table S3.10). It is possible that these associations may be attributed to metabolic
enzymes that may still be active, although the bacterial cells were inactivated. In other
ecosystems, metabolic enzymes of dead bacteria have been shown to remain active for
up to 96 hours [386]. Our experiment was performed within 72 hours. The synthesis of
cobalamin (vitamin B12), which is important for human cell proliferation in vitro [387]
and a common addition to cell culturing media, was significantly associated with the cell
growth enhancing effect of Bacteroidaceae and Enterobacteriaceae cells. Several possible
scenarios can be envisioned to explain this observation. First, it remains to be tested
whether vitamin B12 was retained in the bacterial fraction after washing, stimulating human cell growth on those cells. Second, different human gut-associated Bacteroides
strains contain surface-exposed lipoproteins with high affinity for cobalamin [388]. Such
molecules may remove cobalamin directly from the media, making it unavailable to the
human cells and impeding their growth.
The “Ethanolamine utilization” pathway was another metabolic process that we found to
be associated to the inhibiting effect of Fusobacteriaceae cells on the growth rate of CRC
cell lines. Ethanolamine (EA) is the basal component of phosphatidylethanolamine, a major phospholipid in animal cell membranes and is utilized by bacteria including Fusobacteria as a carbon source in the gut [389–391]. EA sensing regulators have been proposed to
regulate virulence in Enterobacteriaceae [391, 392]. It remains to be tested if the EA in
human cell membranes triggers virulence factors in Fusobacteria that encode EA utilization genes, or perhaps if inactivated Fusobacteria cells retain the capacity to digest and
kill human cells by the activity of EA utilization enzymes.
Overall, the statistical associations found in this exploratory analysis provide valuable clues
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about the possible functions and mechanisms that drive the interactions of bacteria with
human cells in the gut. Future experiments are needed to confirm whether these factors
are causal and to further clarify the molecular mechanisms involved.
Outlook

3

Our broad screen revealed many significant associations between gut bacteria, their encoded functions, and growth enhancement or inhibition of human cell lines. Many
growth rate effects remain elusive and need to be further examined, such as their specificity for CRC. Moreover, it will be important to investigate the growth rate effects of living bacterial communities or mock communities, which are thought to synergize in affecting tumorigenesis [353], but fall outside the scope of our present study. Bacterial effects
should be examined in more natural environments that mimic the conditions in the human gut, e.g. in co-culture with mucus, immune cells, and/or within organoid cultures
[393]. Our study forms an important baseline for such further research by identifying important traits in individual bacterial strains that are associated to enhancing or inhibiting
cell growth, as well as important host factors that determine sensitivity to those bacterial
traits.
Conclusions
Above, we presented the results of the first large-scale analysis of the effects of gut bacteria on cell growth. Our results with bacterial cells and secretomes reflect the complexity
of the microbe-host interactions in the human gut. First, bacterial families tend to have
consistent effects on cell growth, although these effects are not universal. This may partially be explained by the presence of virulence genes in some strains. Second, there are
cell line dependent effects in CRC cells due to their mutational landscape heterogeneity.
Notably, these cell lines have acquired several different cancer hallmarks, yet their growth
can still be influenced by specific bacteria. Our results suggest that the response of epithelial cells to gut bacteria may differ between patients due to differences in their gut bacteria, although the relevance of our in vitro results for patients and CRC specificity remains
to be studied. Cell growth enhancing and inhibiting bacterial traits could be important for
determining risk for cancer or its progression, and these consequences could potentially
be counteracted by microbiome modulation. Currently, microbiome medicine applications
have already been adapted to some other diseases. For instance, Akkermansia muciniphila was demonstrated to improve diabetes type 2 and obesity in mice [319, 320]. Resistant
life-threatening Clostridium difficile infections and ulcerative colitis were successfully treated with fecal microbiota transplants (FMT) [321, 322]. Our study highlights the complex
processes at play at the gut-microbiome interface and contributes to a better understanding of the role of different bacterial strains in altering colonic epithelial cell proliferation.
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Table S3.1. Bacterial strains used in this study.
Table S3.2. Cancer mutational profile of six human cell lines used in this study.
Table S3.3. Growth rate scores, z-scores, and p-values measured from human cells incubated with bacterial cells. These values were computed from the average of four experimental replicates (see “cell growth analysis” in the methods section).
Table S3.4. Growth rate scores, z-scores, and p-values measured from human cells incubated with bacterial secretomes. These values were computed from the average of four
experimental replicates (see “cell growth analysis” in the methods section)
Table S3.5. Literature summary of microbial virulence factors potentially associated to
cancer.
Table S3.6. Correlation between growth rate scores of cells and secretomes. The correlation values were obtained from the growth rate scores computed from the average of
four experimental replicates of bacterial cells and secretomes for the group of strains
that belong to the indicated bacterial family.

3

Table S3.7. Statistical significance analysis of family-specific clustering of the growth rate
scores.
Table S3.8. Correlation between the pairwise phylogenetic distance between bacterial
strains used in this study and the pairwise Euclidean distance of the growth rate scores.
Table S3.9. Distribution of genes coding for virulence factors in the genomes of the bacteria used in this study. The TcdA toxin was present in bacteria of the Clostridiales order
while other toxins were present within bacterial families.
Table S3.10. Functional genomic terms significantly associated to growth rate scores
within bacterial families.
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3

Figure S3.1. Average growth of human cell lines exposed to bacterial cells and secretomes. Colored lines and error
bars show the average and standard deviation of MTT measurements for 6 human cell lines exposed to cells and secretomes of 145 and 154 bacteria, respectively. Measurements were recorded at the incubation times of 0, 24, 48, and
72h. The dark lines show the average of the cell line without bacterial products (negative controls).
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3

Figure S3.2. Reproducibility of four experimental replicates. Scatter plots of the pairwise combinations of four experimental replicates of MTT measurements at incubation times of 0, 24, 48, and 72h. Individual plots exhibit measurements of all possible combinations of two of the four experimental replicates of one cell line exposed to the cells or
secretomes of, respectively 145 and 154 bacterial strains. Experimental replicates were concatenated in the x and y
variables in such a way that all pairwise comparisons were made, i.e. variable x has replicate I + replicate I + replicate I
+ replicate II + replicate II + replicate III, while y contains replicate II + replicate III replicate IV + replicate III + replicate
IV + replicate IV. Lines show the best fit to a linear model. The specific linear regression coefficients, intercepts, R 2, and
p-values are shown on the top of each plot.
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3

Figure S3.3. Cell growth rate alteraons ordered by phylogenomic distances. Heatmaps show the growth rate alteraons of six
cell lines incubated with the cells and secretomes of strains from seven bacterial families. Rows of the heatmap are ranked according to the ps of the phylogenomic trees shown on the le.
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3

Figure S3.4. Streptococcus phylogenomic tree. Genome-based phylogenetic reconstruction of 238 Streptococcus genomes confirms that the genome sequences of the S. bovis strains reported in this study are closely related to previously sequenced genomes of S. gallolyticus and S. pasteurianus. The taxa names of strains used in our study are highlighted red. Monophyletic branches containing strains from a single species are collapsed and highlighted with blue triangles.

Figure S3.5. Linear relaon between cell counts and MTT measurements.
Cell growth was recorded by two diﬀerent methods (MTT assay and cell counng) and ploed on a linear x-y graph. Both methods
were signiﬁcantly correlated (p<0.0001, Pearson r=0.813).
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Abstract

Background
Colorectal cancer (CRC) is a complex multifactorial disease. Increasing evidence suggests
that the microbiome is involved in different stages of CRC initiation and progression. Beyond specific pro-oncogenic mechanisms found in pathogens, metagenomic studies indicate the existence of a microbiome signature, where particular bacterial taxa are enriched
in the metagenomes of CRC patients. Here we investigate to what extent the abundance
of bacterial taxa in CRC metagenomes can be explained by the growth advantage resulting from the presence of specific CRC metabolites in the tumor microenvironment.

Methods
We composed lists of metabolites and bacteria that are enriched on CRC samples by reviewing metabolomics experimental literature and integrating data from metagenomic
case-control studies. We computationally evaluated the growth effect of CRC enriched
metabolites on over 1,500 genome-based metabolic models of human microbiome bacteria. We integrated the metabolomics data and the mechanistic models by using scores
that quantify the response of bacterial biomass production to CRC-enriched metabolites
and used these scores to rank bacteria as potential CRC passengers.

4

Results
We found that metabolic networks of bacteria that are significantly enriched in CRC metagenomic samples either depend on metabolites that are more abundant in CRC samples
or specifically benefit from these metabolites for biomass production. This suggests that
metabolic alterations in the cancer environment are a major component shaping the CRC
microbiome.

Conclusion
Here, we show with in silico models that supplementing the intestinal environment with
CRC metabolites specifically predicts the outgrowth of CRC-associated bacteria. We thus
mechanistically explain why a range of CRC passenger bacteria are associated to CRC, enhancing our understanding of this disease. Our methods are applicable to other microbial
communities, since it allows the systematic investigation of how shifts in the microbiome
can be explained from changes in the metabolome.
Background
Colorectal cancer (CRC) is the third leading cancer worldwide and more than 1.2 million
new cases are diagnosed each year, approximately 45% of which are fatal [394, 395]. CRC
is a complex multifactorial disease with many risk factors statistically and mechanistically
associated with its incidence and prevalence, including host genetics, smoking, excessive
alcohol consumption, high consumption of red and processed meat, obesity, and diabetes
[396–400]. Many recent studies have highlighted possible roles of the gut microbiome in
the initiation and progression of CRC (for reviews see [309, 401–405]). Additionally, many
of the factors that are associated with CRC development are also associated with possible
shifts in the composition of the microbiome, such as the aforementioned dietary factors
[406].
90
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Dietary compounds, the resident microbiota, and their secreted products are among the
most significant external components that interact with gut epithelial cells at the mucosal
surface [401]. Under certain conditions, gut bacteria can favor tumorigenesis by promoting inflammation, DNA damage, cell proliferation, or anti-apoptotic signaling [309, 402,
403]. Several specific bacterial mechanisms that can trigger cancer initiation or progression have been identified by cell and animal studies. For instance, the commensal Enterococcus faecalis bacteria produces extracellular superoxide, which can induce DNA damage,
chromosomal instability, and malignant transformation in mammalian cells [407]. There
are many other specific cancer driving mechanisms associated with bacteria that are commonly found in the human gut, such as Helicobacter pylori [408], enterotoxigenic Bacteroides fragilis [409], and colibactin-producing Escherichia coli [410].
Besides specific causal mechanisms, collective effects of the microbiome community have
been associated to CRC, generally termed dysbiosis. For instance, in a mouse model of
CRC, specific-pathogen-free (SPF) C57BL/6 mice developed significantly fewer tumors under germ-free conditions [411], which was also observed when these mice were treated
with broad spectrum antibiotics [412]. Conversely, these mice developed significantly
more tumors when fed with stool from CRC patients, compared to mice fed with stool
from healthy controls [413]. Certain microbiome community profiles have been associated
to CRC in humans. Metagenomic studies have found consistent similarities in microbial
communities derived from the tumor site of different patients compared to the healthy
tissue [310, 325] and specific bacterial taxa have been consistently associated with stool
samples of CRC patients [45–49]. This CRC microbiome signature is suggested to be an important feature for the early diagnosis of CRC [45].

4

The evidence described above that links the microbiome to CRC suggests a complex interaction that is influenced by many different factors. In contrast to other microbe-induced
cancers [414], CRC has not been associated to a single microbial species or mechanism and
is understood to result from cumulative host and microbial factors [402]. A conceptual
model to explain the shifts in the CRC microbiome is the “bacterial driver-passenger model” [309], which describes a chronological order in the association of different bacteria to
CRC. According to this model, “driver bacteria” first cause DNA damage and promote the
malignant transformation of epithelial stem cells and, after tumorigenesis is initiated, this
process promotes niche alterations that favor the outgrowth of “passenger bacteria”.
These bacteria may or may not further aggravate the progression of the disease and are
generally found to be enriched in the microbiome of CRC patients [309].
In this study we implemented a computational approach to answer the question whether
the outgrowth of CRC associated bacteria can be explained by changes in CRC metabolites, as expected from the driver-passenger model. For this purpose, we analyzed the data from five metagenomic case-control studies [45–49] and 35 metabolomic studies [415–
449] to identify specific bacteria and metabolites that are enriched in CRC patients. We
used over 1,500 genome-scale metabolic models (GSMMs) from human-associated bacterial strains [450] and found that CRC enrichment can be predicted from bacterial dependency on CRC metabolites and from the specific growth advantage conferred by these metabolites. We thus linked metagenomic and metabolomic data with mechanistic models
91
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that explain why a range of bacteria are specifically enriched in the CRC tumor environment.
Results
We set out to identify bacteria that respond to the altered metabolic profile in the CRC
tumor microenvironment [309]. Our approach is illustrated in Figure 4.1. In summary, we
first identified CRC metabolites that are enriched in the tumor environment versus healthy
tissue as measured by at least three metabolomic studies [415–449] (Figure 4.1A, Table
4.1). To evaluate the effect of CRC metabolites on human microbiome bacteria, we used
1,544 genome-scale metabolic models (GSMMs) derived from the human microbiome that
allow bacterial growth to be mechanistically modeled in silico in a well-defined metabolic
environment resembling the human intestinal lumen [450] (Figure 4.1A); This environment is referred to in the text as the “MAMBO” environment. We also reproduced all of
the in silico experiments using two alternative metabolic compositions as basal environments which are referred to as “Western diet” and “high-fiber diet” environments [451].
For the specific composition of the basal environments, see Table S4.1. We then used
computational experiments to integrate information about metabolite enrichment in CRC
with mechanistic models and to rank bacteria as potential CRC passengers (Figure 4.1B-C).
These experiments are further explained in the next subtopics.

4

Figure 4.1. Computational approach to identify colorectal cancer metabolic passengers. (A) As inputs we used (i) CRC
metabolites that were identified from metabolomics literature, (ii) genome-scale metabolic models, and (iii) a basal gutlike environment [451]. (B) Important metabolites for biomass production were defined as the ones that reduced
growth if that metabolite was removed. The MI score was defined by comparing the list of important metabolites with
the CRC metabolites. (C) Specific growth advantage was evaluated by supplementing the basal environment with the
26 CRC metabolites, and comparing this with the growth advantage on 1000 sets of 26 random metabolites. The SGA
score was defined as the proportion of random sets where the growth advantage was lower than with the CRC metabolites (depicted in the distribution mass to the left of the red vertical line that indicates growth on the CRC metabolites). In the illustrated examples, the yellow bacterium is predicted to be a CRC passenger.
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Individual CRC metabolites show a high overlap with metabolites that promote
growth of CRC bacteria
To investigate in which bacteria the CRC metabolites are important for biomass production, we developed a measure that is referred to in the text as the “metabolite importance”, or MI score. The MI score is defined by removing CRC metabolites one by one
from the environment of the GSMMs and measuring the impact of the removal on predicted in silico growth (Figure 4.1B). The measure is based on the Ochiai similarity score
[452], a score commonly used in ecological studies, that presents a range between 0 and
1 (see Methods for details), where 1 means that there is a perfect overlap between the
CRC metabolites and the metabolites that are important for growth, while 0 means there
is no overlap.
Table 4.1. Metabolites enriched or depleted in CRC.
Metabolite
L-Valine
Stearic acid
L-Arginine
Phenylalanine
Spermidine
Taurine
L-Threonine
Glutathione
Putrescine
Palmitic acid
Proline
Asparagine
Hypoxanthine
Lactic acid
Aspartic acid
Cholesterol
Glutamic acid
Tyrosine
Choline
Uridine
Serine
Vaccenic acid
Lysine
Glycine
Methionine
Isoleucine
Glucose
Glutamine
Myoinositol

References
Enriched [418, 420, 426, 447, 449]
Enriched [416, 419, 429, 447]
Enriched [418, 420, 426]
Enriched [418, 419, 426, 429]
Enriched [420, 433, 440]
Enriched [416, 419, 420, 425–428, 433, 448]
Enriched [418, 420, 426, 427, 447, 449]
Enriched [420, 426, 432, 449]
Enriched [420, 426, 433]
Enriched [416, 419, 429]
Enriched [418–420, 426, 429, 447]
Enriched [418, 420, 426, 447]
Enriched [418, 420, 429]
Enriched [416, 417, 419, 420, 425–427, 447, 448]
Enriched [415, 418, 420, 426, 427, 432]
Enriched [417–419, 429, 447]
Enriched [418, 420, 426, 427, 429, 432]
Enriched [418, 420, 429, 448]
Depleted [449]
Enriched [417, 419, 425, 429, 435–437, 448]
Enriched [419, 426, 429, 447]
Enriched [418, 420, 426, 447, 449]
Enriched [416, 419, 429]
Depleted [418]
Enriched [418, 420, 426, 429]
Enriched [416, 418–420, 426, 430, 447]
Depleted [417]
Enriched [418, 420, 429, 447]
Enriched [418, 420, 426, 447, 449]
Depleted [416, 417, 425–427, 429, 447, 449]
Enriched [449]
Depleted [418, 420, 453]
Depleted [427, 429, 432, 435, 449]

4

The combination of CRC metabolites confers specific growth advantage for CRC
bacteria
We next tested which bacteria showed a specific response to the increased availability of
combined CRC metabolites in the context of the gut environment. For this purpose, we
developed the “specific growth advantage”, or SGA score that evaluates how an increased growth rate of a GSMM depends on supplementing the environment with a specific set of metabolites. In general, many bacterial models respond to an increased availa93

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 93

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

bility of metabolites with increased growth (not shown), so to quantify whether a strain
responded specifically to an enrichment of CRC metabolites, we compared this growth
advantage to the growth advantage when random metabolite subsets were enriched
(Figure 4.1C). The SGA score between 0 and 1 consists of the proportion of random sets
of enriched metabolites that caused a smaller growth advantage than when the CRC metabolites were enriched. Based on the supplementation of all CRC metabolites at once,
this score is complementary to the MI score, which is based on depletion of individual metabolites. The results were consistent with the MI score, as the average SGA score was significantly higher for CRC bacteria than for non-CRC bacteria (adj. P = 4.6e-5; MannWhitney U test) (Figure 4.2B).

Significantly higher MI and SGA scores for CRC bacteria than for non-CRC bacteria (above)
indicate that these bacteria benefit from the CRC metabolites in the tumor microenvironment. Both scores reflect different but related aspects of the association between the CRC
metabolites and bacterial metabolism and are thus weakly but significantly correlated
(Spearman correlation 0.12, p = 2.4e-7). We combined the two scores into a single score
by using a copula function that accounts for this correlation. We refer to the combined
score in the rest of the text as the “metabolite response” or MR score. As shown in Figure
4.2C, the MR-score was significantly higher for CRC bacteria than for non-CRC bacteria (p
= 3.9e-7; Mann-Whitney U test).

4

Bacteria that profit from CRC metabolites are enriched in CRC
Above, we showed that bacterial genera that are enriched in CRC tend to have higher average MI, SGA, and MR scores than other genera. We next evaluated whether CRC bacteria are ranked significantly higher than other bacteria in a ranked list based on our scores.
This would indicate that our ranking is enriched for CRC bacteria as a group compared to
non-CRC bacteria, and suggest that metabolic alterations in the CRC environment can systematically explain the differential abundance measured by metagenomes. For this purpose, we generated a cumulative weight distribution curve (W) by iterating over the lists
ranked by our scores from top to bottom. W was increased by a normalized constant (see
Methods) if the bacterium was found to be enriched in CRC and decreased otherwise. As
shown in the color strips of Figure 4.4, CRC bacteria ranked high on the lists for all three
scores and the cumulative weight curve W is mostly increasing with the first bacteria. This
implies that the top bacteria are mostly from genera that are found by metagenomics to
be enriched in CRC. Importantly, these enrichments are significantly higher than expected
based on two related null hypotheses: (1) random shuffling of the bacterial labels in the
list ranked by our scores (p < 1.0e-4) and (2) random shuffling of the labels for CRCenriched bacterial genera (p < 1.0e-4), as shown by the curves W surpassing the horizontal
95-percentiles of the peak values of 104 simulations with the null distributions (Figure 4.4A
-C, Table 4.3). Enrichment for CRC bacteria improves when using the MR score, which
combines the MI and SGA scores, compared to using any of the scores individually. This is
shown by a greater maximum value of the cumulative weight curve for the MR score
(Figure 4.4) and indicates that both MI and SGA scores provide complementary information about the enrichment of CRC bacteria in the tumor microenvironment.

MI, SGA, and MR scores consistently enrich for CRC bacteria
We evaluated the performance of our scores under different conditions and controlled
for potentially confounding factors. Results for the different conditions tested are summarized in Table 4.3 and individual scores are available in Table S4.2. We first evaluated if
94
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Table 4.2. Bacterial genera enriched in CRC.

Genus

Enriched mOTUs

AUC/Adj. p-values

Parvimonas

Parvimonas_micra [1145]

0.71 / 1.8e-20

Dialister
Gemella
Fusobacterium

Parvimonas_sp._oral_taxon_110 [4961]
Dialister mOTU [0561]
Gemella_morbillorum [4513]
Fusobacterium_nucleatum_subsp._animalis_[C] [0776]

0.57 / 3.7e-08
065 / 5.0e-20
0.70 / 3.7e-18
0.66 / 9.6e-17

Fusobacterium_nucleatum_subsp._nucleatum_[C] [0777]

0.57 / 4.4e-08

Fusobacterium_nucleatum_subsp._vincentii_[C] [0754]

0.57 / 2.1e-07

Fusobacterium_sp._oral_taxon_370 [1403]
Peptostreptococcus_stomatis [4614]
Porphyromonas mOTU [2350]

0.56 / 3.7e-07
0.67 / 8.4e-16
0.61 / 1.6e-13

Porphyromonas_somerae [2101]

0.57 / 5.5e-09

Porphyromonas_asaccharolytica [1517]

0.58 / 2.9e-08

Porphyromonas mOTU [0125]

0.57 / 1.1e-07

Porphyromonas mOTU [1184]

0.56 / 8.6e-07

Solobacterium
Lachnoclostridium
Hungatella
Prevotella

Porphyromonas_uenonis [2102]
Solobacterium_moorei [0531]
[Clostridium]_symbiosum_[C] [1475]
Hungatella_hathewayi [0882]
Prevotella_intermedia [0515]

0.59 / 1.7e-10
0.64 / 1.7e-10
0.67 / 2.3e-10
0.66 / 3.7e-09
0.58 / 2.8e-09

Anaerococcus
Blautia
Anaerotruncus

Prevotella_nigrescens [0276]
Anaerococcus_sp._[C_obesiensis/vaginalis] [0429]
[Ruminococcus]_torques_[C] [1376]
Anaerotruncus mOTU [1529]

0.56 / 5.5e-08
0.58 / 6.6e-07
0.64 / 1.5e-07
0.60 / 1.0e-06

Peptostreptococcus
Porphyromonas

4

our scores were robust in enriching for CRC bacteria if we tested different subsets of models. The 1,544 models used in the results described above were obtained by reconstructing
genome-scale metabolic models for bacteria commonly found in the human microbiome
and not specifically the human gut. Furthermore, in our analysis so far, CRC enrichment
was defined at a genus level while bacterial association to CRC has been investigated at a
higher taxonomic resolution (Table 4.2 and Table S4.2). Thus, we investigated whether
our scores would still identify CRC bacteria (1) if we only considered GSMMs generated
from gut bacteria and (2) if we defined CRC enrichment on a species/strain specific level
instead of a genus level. For this purpose, we mapped taxonomic marker genes from the
bacterial genomes of our database of GSMMs to the same database used to identify CRC
enriched bacteria (see [49] and Methods). This allowed us to identify the closest mOTUs
for each of our GSMM and evaluate if the same mOTU was also identified in any of the
stool samples from the meta-analysis [49]. We then restricted our analysis to bacteria that
were found in these samples because we assumed that they represented gut bacteria.
Next, these mappings also allowed us to define whether the closest mOTU for each
GSMM was found to be consistently enriched in CRC across different studies (adj. p < 1.0e5 and AUC > 0.50, Table S4.2). Within the subset of human gut bacteria, i.e. those that
were identified in stool metagenomes, we found that mOTUs enriched in CRC across stud95
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ies are also enriched by the MI, SGA, and MR scores (Table 4.3). Together these results
indicate that the observed response of CRC bacteria to CRC metabolites was not confounded by enrichment for gut bacteria and is still observed at finer taxonomic resolution.

4

Figure 4.2. Distribution of the metabolite importance (MI) (A), specific growth advantage (SGA) (B), and metabolite
response (MR) scores (C) in CRC and non-CRC bacteria. Each dot represents a GSMM, CRC genera are shown separately
while non-CRC genera are combined.

To further corroborate this finding, we tested whether within the gut bacteria, the mOTUs that are depleted in CRC also have significantly lower MI, SGA, and MR scores than
the group of enriched mOTUs. Depletion in CRC was defined in more permissive terms
than enrichment, since no mOTUs met the significance threshold of adjusted p < 1.0e-5
(Table S4.2). Instead, we used a cutoff of adjusted p < 5.0e-2. As expected, all three
scores were significantly smaller in the group of depleted bacteria compared to the enriched bacteria (p = 1.0e-5, p = 3.5e-2, and p = 6.2e-4 respectively for the MI, SGA, and
MR scores, Mann-Whitney U test).
Next, we restricted our analysis only to the subset of models derived from the AGORA
study (Table S4.2). The models from this study were generated for >700 bacteria identified as gut isolates [451]. We used this group in an independent test to rule out the possibility that our scores were enriching for gut bacteria rather than for CRC bacteria. Results on this subset and on the subset identified from metagenomes as gut bacteria
above were similar to the results on the full database (Table 4.3, detailed scores are available in Table S4.2). These results confirm that the observed enrichment for CRC bacteria
96
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was not an indirect effect of enrichment for gut bacteria.
All results described so far were obtained using the basal gut environment predicted by
our MAMBO algorithm (see Methods and ref [450]). We evaluated if the choice of alternative in silico metabolic environments would provide similar results. For this purpose, we
used two alternative basal environments derived from the AGORA study [451] referred to
as the Western diet and the high fiber diet. We reproduced all of our in silico tests with
these alternative basal environments instead of the MAMBO environment. For all conditions, the MI score was still significant and showed significant enrichment of CRC bacteria
(Table 4.3). The SGA score no longer showed significant enrichment of CRC bacteria when
the alternative diets were used, suggesting that the SGA score depends more strongly on
the choice of basal environment than the MI score (Table 4.3).

4

Figure 4.3. Distribution of important metabolites within CRC and non-CRC bacteria. Each cell is colored according to the
fraction of models that require the metabolite for biomass production.

Discussion

Changes in the CRC metabolome
Colorectal tumors change the local metabolic environment of the intestine. When a tumor
forms, the mucosal barrier becomes impaired, allowing metabolites to diffuse into the intestinal lumen. The change in metabolite composition and reduced mucosal barrier allows
opportunistic pathogens to colonize tumor sites in some cases leading to secondary infections and sepsis [309, 380]. For example, the opportunistic bacterium Streptococcus gallolyticus subsp. gallolyticus causes infections in CRC-patients [380], potentially due to
97
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Figure 4.4. Cumulative weight distribution W of bacteria
ranked by the MI (A), SGA (B), and MR (C) scores. Each increase in W is linked to a colored dot and corresponding
vertical line in the color strips, representing GSMMs belonging to a CRC genera. Non-CRC bacteria are represented by a
black vertical line and an associated decrease in W. Null 1
indicates the 95 percentile of the maximum cumulative
weight distribution in 104 randomizations of the model
rankings in the list. Null 2 is the 95 percentile of the maximum cumulative weight distribution in 104 weighted randomizations of the CRC-association of genera.

4

growth advantages at the tumor site [330] and a specific subset of virulence factors [381].
Other site-specific alterations in the CRC tumor-site include changes driven by inflammation and by the Warburg metabolism that causes shifts in pH and oxygen concentration in
tumors relative to normal mucosal tissue [454].

Modeling metabolite response of CRC bacteria
These shifts in the tumor microenvironment facilitate the outgrowth of CRC passenger
bacteria, contributing to the assembly of a specific CRC tumor microbiome [309, 312,
455]. Although many factors contribute to the specific CRC tumor microbiome, the metab98
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olome was predicted to be a dominant factor that may account for many of the observed
shifts in microbiome community profiles [402]. We have previously shown that the microbial abundances in four different human body sites can be linked to the environmental
metabolome by in silico metabolic modeling [450]. Here we extended our modeling approach and showed that the modelled metabolic capacity of bacteria can be used to predict their specific response to metabolic changes in the environment. To do this, we developed three different scores to quantify the effect of specific metabolites on bacterial
growth, that exploit GSMMs of different bacteria. We show that these scores significantly
prioritize GSMMs of CRC bacteria over non-CRC bacteria, suggesting that the responses to
tumor-associated metabolites explain persistent differences in the gut microbiome of CRC
patients relative to healthy controls. In the present study we only associated bacterial response to metabolites that have been found to be enriched in CRC, since these were by
far the most representative set of metabolites. The only metabolites that were found by 3
or more studies to be depleted in CRC were glutamine, glucose, and myoinositol (Table
4.1) and we thus could not produce meaningful comparisons with metabolite depletion as
we did with the 26 CRC enriched metabolites.

Bacterial drivers and passengers of CRC
As defined in 2012, CRC passengers are bacteria that respond to changes in the tumor environment and are thus enriched in CRC tumor tissue [309]. CRC drivers are bacteria that
possess specific oncogenic properties that may drive tumorigenesis. Examples include Enterotoxigenic Bacteroides fragilis (ETBF) that is able to degrade and colonize the mucus
layer, causing inflammation and increased cell proliferation and colibactin-producing Escherichia coli that can cause double strand breaks in DNA (Reviewed in [456–458]). While
the current analysis identified CRC passengers, we cannot draw any conclusions about
CRC drivers. In fact, some of the passenger bacteria detected herein have been shown to
contain mechanisms that drive tumorigenesis, or at least have a role in preparing and sustaining their own niches. On the one hand, Fusobacterium nucleatum is among the bacteria that specifically benefit from CRC metabolites. On the other hand, Fusobacterium is
also hypothesized to drive tumorigenesis via its unique adhesion protein (FadA) binding
to E-cadherin and activating beta-catenin signaling which in turn regulates inflammatory
and potentially oncogenic responses. In our current analysis, F. nucleatum are among the
bacteria that most strongly benefit from the CRC metabolites and may thus be regarded
as “driving passengers” [459]. Apart from a few described examples, further research is
needed to chart the mechanisms allowing the different constituents of the human microbiome to promote tumor initiation and progression.

4

Our general method can be used in other environments
We developed three different scores that integrate GSMMs with lists of metabolites to
quantify the effect of specific metabolite enrichment on bacterial growth. Our results
show that these scores are able to identify which bacteria respond to the metabolic
change. As such, the metabolite importance (MI score), specific growth advantage (SGA
score), and metabolite response (MR score) can be applied to answer similar questions in
other biomes. It should be noted that our analysis was only possible because we obtained
and carefully curated lists of CRC-associated metabolites (Table 4.1) and bacteria (Table
4.2). Moreover, we exploited a comprehensive database of >1,500 quality GSMMs from
the human microbiome that we developed previously [450]. We obtained better results
99
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particularly for the SGA score when using a basal growth environment that was predicted
from stool metagenome abundance profiles [450] compared to environments predicted
from general diets [451]. While these prerequisites may be difficult to obtain for highly
under-sampled environmental biomes, questions about the effect of metabolites on the
microbiome in the human system may be more readily answered using our setup. For this
reason, we have made a significant effort to make our methods accessible with a detailed online instruction guide, provided as an ipython notebook that contains the information to fully reproduce our results and apply the method to similar systems (see Methods).
Our prediction of CRC passengers proved to be consistent with metagenomic enrichment
data and is not incompatible with many of the other aforementioned specific mechanisms that explain the relation of individual bacteria with CRC. A possible future extension could be to include quantitative information about microbes and metabolite abundances, rather than the qualitative, binary classification that we used here (i.e. bacteria
and metabolites are CRC-associated or not). In the present study, we integrated information from multiple publications and thus could only provide qualitative definitions of
enriched metabolites and bacteria. Nevertheless, the highly significant detection of specific CRC bacteria (Figure 4.4) suggests that our approach could also be applied to microbiome studies where quantitative metagenomic and metabolomic data were measured.

4

Conclusion
In this study, we have shown that our current understanding of bacterial metabolism,
based on genome annotations, allows us to explain the association of bacterial passengers to CRC as being driven by the availability of specific CRC metabolites. Thus, our models and computational experiments suggest that metabolic alterations in the cancer environment are a major component in shaping the CRC microbiome. Our method allowed us
to identify likely CRC metabolic passengers which are consistent with experimental studies and indicated that most of the CRC enriched genera are also favored specifically by
CRC metabolites and the CRC tumor-like metabolic environment. Beyond the specific
question of CRC metabolic passengers, we have provided an example of the systematic
use of GSMMs to predict and understand the microbial abundance patterns that are
measured by metagenomics, by using mechanistic models that link bacterial metabolism
to their metabolic environment.
Methods
Genome-scale metabolic models
We used a database consisting of 1544 GSMMs of human-associated microbes from our
MAMBO study [450] that includes 763 AGORA human gut GSMMs [451] (Table S4.2).
These models were built using the ModelSEED pipeline [216] and were tested by flux balance analysis (FBA) [460]. In our previous study [450], gene annotations were used to
predict the metabolic reactions that were encoded by each genome. Here, these metabolic reactions were represented by their stoichiometric coefficients in a matrix (S) exhibiting reactions as columns and metabolites as rows. The null-space of S (Sv=0) was used as
a proxy for the equilibrium reaction rates (v), and because S does not have a unique solution, specific values of v were determined by maximizing a biomass reaction (z) by linear
programming. To assure that each model could effectively produce biomass, parsimoni100
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ous gap-filling was used and a minimal set of reactions that were potentially missing from
the models were included.

CRC Metabolites
To identify enriched or depleted metabolites in the tumor sites of CRC patients, we surveyed metabolomics literature. We identified publications with experimental data cited in
a review about metabolomics of CRC [461] and additionally reviewed more recent publications. In total we evaluated 35 publications that mentioned metabolomics and CRC in
the abstract and manually inspected these studies for lists of metabolites that were measured in tumor and healthy tissue [415–449]. We found 29 metabolites to be reported as
differentially abundant in tumor vs. healthy tissue and present as such in 3 or more publications (Table 4.1). We used the enriched metabolites to define the CRC tumor microenvironment.

Basal gut environment
For all experiments described in the main text, we used a basal gut environment predicted
from by our MAMBO algorithm based on 39 stool metagenomes [450]. This environment
was used as proxy for the metabolite concentration that is available for bacteria in the
colon and rectal lumina and is defined in terms of relative uptake-rate limits for GSMMs in
mmol.gDW-1.hr-1. Additionally, we tested two other basal environments representing
proxy for the metabolic composition of the Western diet and high fiber diet [451]. The
formulations of the basal environments are available in Table S4.1.

4

Importance of CRC metabolites
To rank bacteria by their dependence on CRC metabolites we defined a metabolite importance score (MI). For this purpose, we first simulated growth of each GSMMs in the
basal environment (obtaining the basal biomass flux z) and then removed each of the basal environment metabolites by blocking their import reactions in the model, leading to a
new biomass flux z’. If the growth effect z’/z for a given GSMM fell below a threshold value 0.3; i.e. a more than 70% reduction in predicted growth rate (other threshold values
yielded similar results, not shown), the metabolite was considered important for the
GSMM. For each GSMM, this resulted in a binary vector containing one component for
each metabolite present in the basal diet. This was given the value of 1 if the metabolite
was important (i.e. removal decreased growth) or 0 otherwise (Table S4.3). These vectors
were compared to the CRC metabolites (Table 4.1) using the Ochiai coefficient [452], resulting in a MI score that we used to rank all bacterial GSMMs. High ranking bacteria depended strongly on CRC metabolites, and we interpreted these bacteria as potential CRC
passengers.

Growth benefit on CRC metabolites
Next, we evaluated whether bacterial strains responded to the increased availability of
the combination of all 26 CRC metabolites in their environment simultaneously. Because
GSMMs generally show enhanced growth rates in richer environments, we first created an
expected null-distribution of growth responses upon addition of random metabolites. To
do this, we selected one thousand random sets of 26 metabolites from the basal environ101
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ment and changed their uptake rates to virtually unconstrained values (10 4 mmol.gDW.hr-1). Each time, we compared the new biomass flux z(random) to the biomass flux after
supplementing the GSMM with 26 unconstrained CRC metabolites z(CRC). This allowed us
to calculate a specific growth advantage score (SGA) defined as the proportion of randomizations whose z(random) was inferior to z(CRC). Finally, all bacteria were ranked by
this SGA-score and the bacteria at the top of this list were interpreted as exhibiting a
growth benefit that is specific to CRC-like conditions.

1

Combined score
Both the MI and SGA scores, provided scores between 0 and 1. We combined both scores
into a summarized score that accounts for possible statistical dependence between the
scores, we refer to this score as the metabolite response score (MR). For this purpose, we
used the Ali-Mikhail-Haq copula function [462], which accounts for the correlation between the two scores within the range that we observed (see Results).

Enrichment of CRC-associated bacteria

4

In order to identify bacterial species that are differentially abundant in CRC patients compared to healthy controls, we integrated data from five metagenomic case-control studies
[45–49]. For consistency in the bioinformatic analysis, raw sequence data were jointly
quality controlled and taxonomically profiled using the mOTU profiler version 2 [463,
464]. Read counts were transformed into relative abundances to account for library size
differences between samples. Microbial species that were not detected consistently
(maximum relative abundance not exceeding 10-3 in at least 3 studies) and the fraction of
unmapped reads were discarded. Significance of differential abundance was then tested
for each remaining species using a non-parametric permutation-based Wilcoxon test that
was blocked for study (and in the case of [47] also for additional metadata indicating
sampling before or after diagnostic colonoscopy) as implemented in the R coin package
[465]. This blocked test accounts for differences between studies (e.g. due to different
DNA extraction protocols or geographic differences in microbiome composition) by estimating the significance based on permutations of the observed data within each block.
For a comprehensive analysis we unified this list to genus level (Table 4.2) since this was
the lowest taxonomic level that we could unambiguously match species and mOTUs
found by metagenomics to be enriched in CRC and the strains for which we had GSMMs.
We further attempted to classify our strains using the same set of marker genes that was
used to profile metagenomic samples. Each strain was assigned to its closest mOTU present in the mOTU profiler version 2 database [463, 464]. We repeated the experiments
using mOTU level classification instead of genus level classification with the mOTUs that
were possible to match with bacterial species identified in the metagenome analysis. Results are reported in the main text as the subset formed by gut bacteria (Table 4.3).

Significance of ranking
To assess the significant enrichment of measured CRC bacteria among the ranked lists, we
used an approach similar to gene-set enrichment analysis [466, 467]. Briefly, we generated a cumulative weight distribution (W), which was defined by as the normalized fraction
102
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Metabolic models predict bacterial passengers in colorectal cancer

of positives minus the fraction of negatives observed in a list, versus the position in the list.
High values are obtained if all positives are observed early in the list, in which case the
fraction of positives approaches 1 before negatives are seen. Positives were defined as
GSMMs of bacteria that were found to be enriched in CRC, negatives were all the other
bacteria. We summarized W by its maximum value and used Monte Carlo simulations to
assess the likelihood of obtaining max(W) by chance. To evaluate if max(W) is significant,
we generated two empirical null distributions by (i) reshuffling the order of bacteria ten
thousand times and (ii) selecting ten thousand random subsets of thirteen genera from
our bacteria database weighted by the number of species in each genus while keeping the
ranked lists in order. For the lists ranked by the metabolite overlap and biomass foldchange scores we computed empirical p-values for both null hypotheses (Figure 4.4).

Data availability
All the data used in this study and raw results used in generating the tables and figures
are made available at: https://github.com/danielriosgarza/bacterial_passengers.py. Additionally, we provide a detailed Ipython notebook that contains the scripts used in this
study as well as a thorough explanation of the computational methods we used. This
script can be accessed from the GitHub repository and can be used to reproduce all data
figures and tables.
Supplementary Material

4

Supplementary Tables (Available online: https://danielriosgarza.github.io)

Table S4.1. MAMBO, Western diet, and high-fiber diet basal environment.
Table S4.2. MI, SGA, MR scores, CRC enrichment p-values, AUC, and mOTU prediction for
all GSMMs.
Table S4.3. Important metabolites for GSMMs.
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Table 4.3. Enrichment for CRC bacteria in different basal environments and model subsets
Basal
environment

Model
subset

Score

Max W

CRC
enrich.
pvalue
(null 1)

CRC
enrich.
pvalue
(null 2)

MannWhitney
U
statistic

MannWhitney
p-value

Adj.
p-value

MAMBO

All

MI

0.2813

1.00e-04

1.00e-04

109720.5

1.79e-08

6.90e-08

SGA

0.2620

1.00e-04

1.00e-04

103113

2.20e-05

4.57e-05

MR

0.3255

1.00e-04

1.00e-04

107855.5

1.14e-07

3.85e-07

MI

0.3995

1.00e-04

1.00e-04

10156

2.09e-05

4.57e-05

SGA

0.3330

1.00e-04

1.00e-04

8694

1.98e-02

2.97e-02

MR

0.4258

2.00e-04

1.00e-04

9491

5.28e-04

1.02e-03

MI

0.4302

1.00e-04

1.00e-04

43996

1.53e-15

1.38e-14

SGA

0.3446

1.00e-04

1.00e-04

38949

1.61e-07

4.83e-07

MR

0.4423

1.00e-04

1.00e-04

42642

2.51e-13

1.69e-12

MI

0.3193

1.00e-04

1.00e-04

113411.5

1.44e-10

6.48e-10

SGA

0.1035

9.16e-02

9.74e-02

86876.5

2.73e-01

2.73e-01

MR

0.1327

2.17e-02

1.94e-02

91885

3.82e-02

5.16e-02

MI

0.4713

1.00e-04

1.00e-04

10493

2.57e-06

6.31e-06

SGA

0.2607

1.36e-02

1.59e-02

8417.5

4.27e-02

5.49e-02

MR

0.3544

5.00e-04

3.00e-04

9265.5

9.35e-04

1.68e-03

MI

0.4231

1.00e-04

1.00e-04

44395.5

2.82e-16

3.81e-15

SGA

0.1744

8.80e-03

8.70e-03

31390.5

1.16e-01

1.36e-01

MR

0.2412

1.00e-04

1.00e-04

34690.5

1.01e-03

1.70e-03

MI

0.3179

1.00e-04

1.00e-04

113424

1.41e-10

6.48e-10

SGA

0.1117

6.62e-02

6.56e-02

86914

2.66e-01

2.73e-01

MR

0.1274

5.90e-02

2.91e-02

91129

4.77e-02

5.85e-02

MI

0.4713

1.00e-04

1.00e-04

10495

2.53e-06

6.31e-06

SGA

0.2273

3.93e-02

3.78e-02

7782

1.98e-01

2.14e-01

MR

0.2831

7.70e-03

7.10e-03

8384

3.10e-02

4.41e-02

MI

0.4197

1.00e-04

1.00e-04

44399.5

2.77e-16

3.81e-15

SGA

0.1641

1.69e-02

1.71e-02

30795

1.88e-01

2.12e-01

MR

0.2102

1.50e-03

1.90e-03

33887.5

3.59e-03

5.70e-03

Gut

AGORA

Western diet

All

Gut

4
AGORA

High fiber diet

All

Gut

AGORA
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Chapter 5

Towards predicting the environmental
metabolome from metagenomics with a
mechanistic model
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As published in Nature Microbiology 3, 456-460 (2018):
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Abstract
The environmental metabolome and metabolic potential of microorganisms are dominant
and essential factors shaping microbial community composition. Recent advances in genome annotation and systems biology now allow us to semi-automatically reconstruct genome-scale metabolic models (GSMMs) of microorganisms based on their genome sequence [216]. Next, growth of these models in a defined metabolic environment can be
predicted in silico, mechanistically linking the metabolic fluxes of individual microbial populations to the community dynamics. A major advantage of GSMMs is that no training data is needed, besides information about the metabolic capacity of individual genes
(genome annotation) and knowledge of the available environmental metabolites that allow the microorganism to grow. However, the composition of the environment is often
not fully determined and remains difficult to measure [468]. We hypothesized that the
relative abundance of different bacterial species, as measured by metagenomics, can be
combined with GSMMs of individual bacteria to reveal the metabolic status of a given biome. Using a newly developed algorithm involving over 1,500 GSMMs of humanassociated bacteria, we inferred distinct metabolomes for four human body sites that are
consistent with experimental data. Together, we link the metagenome to the metabolome in a mechanistic framework towards predictive microbiome modelling.
Main

5

Microbial communities constantly adapt to exploit available resources [469]. As a result,
the presence of specific microorganisms or distributions of microorganisms allow us to infer environmental features. For example, the altered metabolic conditions in the microenvironment of colorectal cancer tumors select for the outgrowth of specific species in the
human colorectal cancer microbiome [309], allowing cancer detection [45]. Similarly, microorganisms can serve as biosensors for geochemical features such as solvent or uranium
contamination [470]. These and many other empirical examples of significant associations
between the environment and the microbiota [471, 472] suggest that the composition
and metabolic potential of microbial communities can be used to reconstruct the metabolic environment of a biome through a reverse engineering strategy.
Shotgun metagenomics rapidly inventories the composition and genomic content of microbiomes, but obtaining comparably high-resolution metabolomic measurements of microbial environments and linking them to microorganisms remains challenging [468]. It is
often even more challenging to translate the presence/absence of genes or the taxonomic composition of a given environment into predictions about the metabolic status of the
community [473].
Although several tools exist that allow researchers to translate shot-gun metagenomes
into functions or functional profiles of a given environment [474–477], current methods
often require extensive training datasets and provide knowledge at the community-level,
without mechanistically attributing differences to specific microorganisms or metabolites.
Capitalizing on advances in the functional annotation of genes, GSMMs attempt to mechanistically explain bacterial growth and metabolism in a defined environment without requiring training data [216]. GSMMs provide a minimally biased description of the metabolic processes that are encoded in a microbial genome by integrating database
knowledge about protein functions into a reaction network that describes the metabolic
106
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Towards predicting the environmental metabolome from metagenomics with a mechanistic model

potential of a genome. Constraint-based approaches such as flux balance analysis (FBA)
allow the growth or biomass production of GSMMs to be formulated as an optimization
problem and therewith estimated [460]. However, integrating multiple GSMMs into a microbial community model, and producing meaningful predictions about the metabolic status of the environment, is still an open research challenge [473]. Here, we addressed this
challenge by developing an optimization framework to predict the metabolic environment that best explains the observed species abundance distribution profiles. The algorithm takes metagenomic species abundances and their GSMMs as input, and does not
require any further training data.

5

Figure 5.1. Reference microbial genomes are used to reconstruct GSMMs (1); community abundance profiles are obtained through reference mapping (2); and biomass production of the GSMMs, obtained through FBA (3), is correlated
with the metagenomic community abundance profile (4). This correlation is optimized by multiple iterations of a Monte Carlo-based sampling algorithm (5) (see main text and Methods section).

The main premise of our approach, named MAMBO for Metabolomic Analysis of Metagenomes using fBa and Optimization, is that the abundance distribution of microbial genomes and their encoded metabolic potential reveal how microorganisms can exploit the
metabolic resources that are available in the environment. We qualitatively infer these
resources by searching for the metabolic environment that yields microbial growth that is
best correlated with the relative abundances observed in the metagenome profiles. This
107
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computational approach is outlined in Figure 5.1. First, we used reference genome sequences to generate GSMMs of the species encountered in a given metagenomic dataset.
Also from the metagenomics, we extracted the relative abundances of these organisms in
the sample. We can now ask the question, which metabolic environment would lead to
relative growth rates of the GSMMs that best correlate with the observed relative abundances of the organisms? In this context, growth is defined as the fluxes in the biomass
reactions of the GSMMs. We constrain the GSMMs of all the microorganisms found in a
sample by providing them with the same metabolic environment (modelled as a limit to
the import reactions of metabolites) and assuming the same cellular objective of growth.
Finally, we use a semi-Markov chain to sample the highly dimensional metabolome space,
optimizing for the metabolomic composition that leads to an optimal correlation of the
GSMMs growth profile with the microbiome metagenomic abundance profile. Thus, an
optimization run predicts the relative metabolite abundances in an environment, as
shown for a typical run in Figure 5.2. Importantly, our approach mechanistically links the
environmental metabolome to the metabolic fluxes in genome-scale reconstructions of
the metabolism of each individual microorganism, because the optimization is performed
by FBA solutions on a per-genome basis.

5

Figure 5.2. There are 209 metabolites in the combined GSMMs of the species in this sample (left y axis). The red/blue
heatmap indicates the relative concentrations of these metabolites as they change throughout the optimization run.
The black and green line indicates the Pearson correlation score between the GSMM biomass production rates and the
metagenomic relative abundances (right y axis). The top 10% values are colored green; metabolic profiles from these
optimization steps are averaged, resulting in the final inferred values for each metabolite. This approach provides a
robust representation of the target region in the multidimensional metabolome search space.
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Towards predicting the environmental metabolome from metagenomics with a mechanistic model

We tested our approach by inferring the metabolomic environment in four human body
sites (oral, skin, stool and vaginal) using 175 metagenomic datasets [39] and GSMMs that
we reconstructed for 1,562 detected bacteria [478]. The inferred metabolomes revealed
four clusters corresponding to the four body site biomes (Figure 5.3), as were previously
observed for the body site-specific microbiomes [39]. This clustering was independent of
the initialization of our algorithm in the high-dimensional metabolome search space. For
example, searches based on oral metagenomes that were initiated with predicted skin
metabolomes quickly converged to the oral metabolome cluster and the same pattern
was observed for the other body sites (Figures S5.1A–D). Repeated metabolomes inferred
from the same metagenome had an average Pearson correlation of 0.96 ±0.02, showing
high robustness and consistency of the algorithm.
To benchmark our algorithm on experimental data, we identified six annotated, quantified, high-throughput metabolomes from saliva, faeces and vagina [479–485] and correlated the metabolites measured in these studies with our predictions from 175 Human Microbiome Project (HMP) metagenomes. Figure 5.4 shows that the predicted and measured metabolomes for these body site biomes are consistent: metabolomes inferred from
oral, stool and vaginal metagenomes correlated significantly better with those measured
in saliva, fecal water and fecal incubator, and vagina, respectively, than with metabolomes from other body site biomes (P = 3.5×10−52, one-tailed unpaired t-test).

5

Figure 5.3. Each dot represents one of the 175 Human Microbiome Project metagenomic samples, where the predicted
relative concentrations of metabolites are plotted across the two principal components. Colors depict the body site from
which the sample was obtained. PC, principal component.
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A recent screen of metabolites on human skin revealed the influence of skin care and hygiene products on the microbiome [486]. Using MAMBO, we predicted metabolomes
from 50 skin metagenomes, confirming the abundance of various cosmetic and hygiene
ingredients (Table S5.1). Moreover, we assessed the abundance of skin metabolites across
twelve samples where both microbiomes and metabolomes had previously been measured [486], including triplicates from the hand and foot of a male and female volunteer.
In these samples, differently from the metabolomic studies above, metabolites were
measured by using an untargeted approach, which only allowed for a metabolite-bymetabolite comparison across samples. For the majority of metabolites, the measured and
predicted abundances correlated positively across these four skin sites (P = 0.0064, onetailed binomial test; Figure S5.2), showing that most metabolites can be distinguished between samples from the same biome.

5

We evaluated if the gene composition alone is sufficient to infer the environmental
metabolome without the need to reconstruct GSMMs and use optimization. For this purpose, we adjusted an existing algorithm, named Predicted Relative Metabolic Turnover
(PRMT) score [474, 487], that predicts the metabolic turnover in one sample relative to
another and applied it to the same reference mapping of 175 HMP samples as above [39,
478], and evaluated how well this gene-based analysis predicted the relative abundances
of metabolites. As shown in Figure S5.3, the resulting metabolite lists showed a lower correlation with the measured metabolomes than the GSMM-based MAMBO analysis. On
closer inspection, this limited correlation of the gene-based predictions results from some
metabolites being spuriously predicted at high abundance. For example, malate is consistently predicted to be abundant in stool because several stool bacteria contain multiple
malate dehydrogenase genes. However, the malate concentration is low in fecal water
[482] and fecal incubator [479] metabolomes, but high in the vaginal metabolome [480].
In contrast, by exploiting GSMMs rather than individual genes, MAMBO predicted that a
high concentration of malate was not important to achieve the observed abundance profile of bacteria in most stool samples, while it was important for most vaginal samples,
consistent with the experimentally measured metabolomes.

Figure 5.4. Correlations are only shown if >5 metabolites match between the predicted and measured metabolomes.
See Table S5.3 for details.
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Towards predicting the environmental metabolome from metagenomics with a mechanistic model

It should be noted that PRMT predicts the relative bacterial consumption or production of
metabolites compared to an average, and is thus not directly aimed at predicting the net
production or consumption of metabolites [474, 487]. The main differences between the
gene-based predictions and MAMBO are (1) PRMT does not offer an assessment of the
metabolome on a sample-by-sample basis, but rather a comparison of a sample to an average metabolome in order to highlight the largest differences; (2) PRMT assumes that
the relative abundance of a metabolite is proportional to the relative number of genes
coding for an enzyme, an assumption we avoid by using FBA where enzyme fluxes are
defined by optimizing for growth; and the PRMT connectivity matrix is not compartmentalized by species, so PRMT does not require GSMMs.

The MAMBO metabolome prediction framework takes an important step towards predictive microbiome modelling. GSMMs have previously been applied to microbial communities [451, 488] but those GSMMs depend on an explicit definition of the environment including the metabolites and their relative abundances, to allow the modelled microorganisms to grow. However, the environmental metabolome remains unclear for many measured microbiomes, either because the metabolomic experiments are lacking, or because
they were measured in a slightly different system or at a different scale than observed by
the microorganisms in the metagenome. Here, we bridge this gap by predicting the environmental metabolome directly from the metagenome. There is still some noise in these
predictions; for example, several predicted metabolomes show high correlations to measured metabolomes from other biomes (Figure 5.4). First, there are many factors that influence the microbial abundances besides the available metabolites, including bacteriophages [244] and human factors [489], to name a few. Taking these and other factors into account may improve the performance of a tool to infer the environmental metabolome,
and further contribute to predictive microbiome modelling. From a technical perspective,
the experimentally measured metabolomes used in our comparisons are derived from biofluids with a complex composition, and it remains challenging to link the mass-over-charge
(m/z) peaks in mass spectrometry spectra to specific metabolites [490]. For example, we
could only identify the metabolites in untargeted metabolomics experiments [486] by
mapping the m/z values to published standards (see Methods). Structurally different metabolites often have identical chemical composition and m/z values, so identification of
metabolites based on m/z alone is inherently inaccurate. Finally, the metabolomic and
metagenomic datasets that we exploited were measured and published independently in
samples that may differ in unknown ways; for example, a fecal incubator versus fresh
stool. Nevertheless, we could predict metabolomes for different body site biomes that significantly correlate with the experimental data (P value = 3.5×10−52, one-tailed unpaired t
-test), and find positive correlations for most metabolites across paired samples from the
same body site.

5

Without requiring training data, MAMBO implicitly exploits the fact that microorganisms
in an ecosystem constantly compete for resources, leading to a relative abundance distribution that reflects their ability to exploit these resources. Metagenome-guided modeling
enables a deeper understanding of microbiomes by linking the environmental metabolome to the metabolic network of individual microbial populations. By explicitly modelling
the fluxes of individual GSMMs that are matched with the species composition of the sys111
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tem in a probabilistic fashion, our approach provides a starting point for mechanistic models of microbial ecology, including the potential for systems with more complex crossfeeding networks [473].
Methods

Datasets
From the US Department of Energy Systems Biology Knowledgebase (KBase, http://
www.kbase.us) and the HMP (http://www.hmpdacc.org) we downloaded the human microbiome reference genomes [39], as well as taxon-abundance profiles for 175 metagenomes, respectively, including 37 oral, 50 skin, 39 stool and 49 vaginal metagenomes
(listed in Table S5.3). Abundance profiles were previously generated according to the
HMP
standard
operating
procedure
[478]
(http://www.hmpdacc.org/doc/
ReadMapping_SOP.pdf), where 57.6% of the sequenced reads were aligned to the reference database across all HMP metagenomes (see section 4.5 of the SOP document). Additionally, we included 372 GSMMs from a recent study [451] of genomes that were not in
the HMP list. Metabolites were matched to the SEED database using the conversion table
provided by the authors, and the genome sequences were obtained from the NCBI nucleotide database.
Experimentally measured metabolomic profiles were obtained from the Human Metabolomics Database [481], including one from fecal water [482] and three from saliva [483–
485]. One fecal incubator [479] and one vaginal [480] metabolome were obtained from
recent literature.

5

We used data from a recent study of the metabolites on human skin [486] to compare
predicted and measured metabolites across four different skin sites where both the microbiome and metabolome were measured. We obtained 16S amplicon datasets and raw capillary gas chromatography mass spectrometry spectra for 12 skin samples, including triplicates from two body sites of two individuals [486]. We used the Burrows Wheeler Aligner
[491] to map the 16S reads to the genomes in our database (average 74.5% of reads
mapped). We created a database containing all 214 metabolites exported by the GSMMs
for which the retention time and mass-to-charge ratio (m/z) were annotated in the Human Metabolomics Database [481]. We then used these parameters to annotate the capillary gas chromatography mass spectrometry peaks from the skin study. We used MZMine [492] to identify features and align and deconvolute the raw spectra, generating a
normalized peak list consisting of retention time versus m/z. Thus, 21 peaks could be unambiguously mapped to GSMM metabolites across all twelve samples. Next, we compared
metabolite abundances across, rather than within, samples, since the raw spectra of different metabolites in an untargeted metabolomics study are not comparable within a
sample [493]. Thus, the area under the peaks was used as an indicator of metabolite
abundance across samples, and used in our analysis (Figure S5.2).

Metabolic modelling.
We used the ModelSEED pipeline [216] to generate GSMMs for the 1,562 HMP reference
genomes that were present in at least one of the metagenomic datasets (available at
https://github.com/danielriosgarza/MAMBO). Briefly, genomic annotations were used to
identify the biochemical reactions in a species’ metabolic network. The molecular stoichi112
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Towards predicting the environmental metabolome from metagenomics with a mechanistic model

ometry of these reactions was expressed in a matrix that transforms reaction rates to the
time-derivative of metabolite concentrations. The nullspace of this matrix contains the
equilibria solutions for reaction rates. Parsimonious gap filling was applied by adding the
minimal possible set of reactions to the model that are essential for a model to grow; that
is, to yield a flux through the biomass reactions [216]. Gap-filled reactions were probably
missed during sequencing, assembly or genome annotation.
We excluded dead-end exchange reactions from the models that remained unresolved
after gap-filling or had no influence on the objective function. FBA simulations were performed in a Python 2.7 environment, using the COBRApy package for constraint-based
modelling [494] and Gurobi 5.6.3 (http://www.gurobi. com) or GLPK 4.35 (http://
www.gnu.org/software/glpk) as linear programming solvers. To reflect the constant competition between microorganisms, we used growth as the objective function in the FBA
[460].

Metabolomic Analysis of Metagenomes using FBA and Optimization algorithm.
For the MAMBO algorithm, explained in the main text and depicted in Figure 5.1, we constrained the GSMMs of all the microorganisms found in a metagenome by providing the
same metabolic environment (modelled as an upper bound to the import reactions of metabolites) and assuming the same cellular objective of growth. We used semi-Markov
chain sampling embedded on a Metropolis-Hastings algorithm [495] to identify the
metabolomic composition that optimally correlates with the abundance profile of the microbial genomes observed in the metagenome.

The input of the algorithm consists of (1) a list of microorganisms and their relative abundances and (2) a database of GSMMs generated from the genomes of these microorganisms. Thus, the approach depends on the availability of high-quality draft reference genome sequences, as are available for the microorganisms found in the human microbiome
and increasingly also for other environments. Typically, one GSMM will have 35–80 exchange reactions representing the metabolic compounds that the organism can utilize.
Depending on the complexity of the microbiome, the GSMMs of all the microorganisms in
a community together will be able to utilize >200 different metabolites. These combined
exchange reactions represent the metabolites whose environmental concentrations are
inferred by MAMBO.

5

At the core of the approach is an optimization algorithm that searches the >200dimensional metabolome search space for a composition of the metabolomic environment that, when applied simultaneously to the GSMMs of all coexisting microorganisms
using FBA, yields a relative biomass production profile b that correlates with the abundance profile m of the microorganisms in the metagenome. The metabolic compound
concentrations are modelled in the FBA as an upper bound to the influx reaction. We use
Monte Carlo optimization following a semi-Markov chain to search the highly dimensional
solution space. After random initialization (or initialization with a decoy metabolome as in
Figures S5.1A–D), a new candidate environment e’ is generated from the current environment e, by slightly altering the concentration of one metabolite following a uniform distribution. The maximum biomass production rates of all GSMMs are then evaluated for the
candidate environment, and the change is accepted if the Pearson correlation of the metagenomic abundances with the growth rates in the candidate environment, ρ(m, be’), is
113
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higher than for the current environment, ρ(m, be), or with a uniform probability ρ(m, be’)/
ρ(m, be) otherwise. Every 150 search steps, the algorithm evaluates the past outcomes
and chooses the environment that yielded the highest correlation [496]. Samples were
first subjected to 100,000 search steps, and 100,000 steps were subsequently added until
a high Pearson correlation (ρ 0.6) with the target metagenomic abundance profile was
achieved. Finally, the 10 % time points with the highest Pearson correlation scores between the biomass profile and the metagenomic abundance profile were averaged, yielding a robust predicted metabolome (Figure 5.2). Note that the correlation that is optimized using the semi-Markov chain is the correlation ρ(m, be) between the metagenomic
species profile m and the biomass production rates be, while the correlations that are
shown in our results (for example, in Figure 5.4 and Table S3) are correlations between
the predicted metabolome e and experimentally measured metabolic concentrations.

Comparison with individual gene-based metabolome prediction

5

For gene-based comparison we generated PRMT [474, 487] scores for the same 175 HMP
samples that were used to benchmark the MAMBO algorithm. For this purpose, we first
derived a matrix containing the number of genes per genome coding for a given enzyme
reaction. This matrix was used to transform the vector of relative bacterial abundances
per environment into a vector of normalized enzyme counts, which expresses the relative
importance of enzymes given a metagenomic species abundance profile. Second, we built
a table mapping all the enzymes found in the previous step to metabolites, which was expressed as a large connectivity matrix with metabolites as rows and enzymes as columns,
and was normalized by rows. This matrix was used to transform the vector of normalized
enzyme counts into a vector of predicted scores per metabolites. The predicted scores
were quantile-normalized and compared to the average scores across all samples to produce the sample-by-sample PRMT scores, which are expressed as fold changes of metabolite importance in a given sample relative to the average importance across all samples.

Statistics
Statistical analyses were performed on a Python 2.7 environment, using the “stat” statistical package of Scipy 0.15.1. Principal coordinate analyses were performed using the scikitlearn package.

Life Sciences Reporting Summary
Further information on experimental design is available in the Life Sciences Reporting
Summary.

Code availability
The Cython/Python implementation of MAMBO nr. 1 is available at https://github.com/
danielriosgarza/MAMBO.

Data availability
This study strongly depended on recycled data generated by others, as referenced in the
appropriate sections above. Moreover, we generated 1,562 GSMMs of human-associated
bacteria that can be obtained from https:// github.com/danielriosgarza/MAMBO. MAMBO-predicted metabolomic profiles of 37 oral, 50 skin, 39 stool and 49 vaginal metagenomes are listed in Table S5.2, as well as six experimentally measured metabolomic pro114
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files.
Correlations between the measured and predicted metabolomes are listed in Table S5.3.
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Supplementary Material
Supplementary Tables (Available online: https://danielriosgarza.github.io)
Table S5.1. Top 20 metabolites for human skin predicted by averaging the normalized results of MAMBO on 50 human skin metagenomes. Myristic acid is used as a fragrance ingredient, cleansing agent, and emulsifier, and is readily adsorbed by the skin. Citrate is a
commonly used ingredient to adjust the acidity of cosmetics. Nicotinamide ribonucleotide,
aspartate, and N-acetyl glucosamine are used in skin conditioner products. N-acetyl glucosamine is a precursor to hyaluronic acid, a major component of skin structure, a pathway that responds to UV irradiation in skin [486]. Complete lists of all predicted metabolomes for 175 metagenomes are provided in Table S5.2.

Table S5.2. Metabolomic profiles predicted by MAMBO and genes-only approach based
on 37 oral, 50 skin, 39 stool and 49 vaginal metagenomes, and 6 experimentally measured metabolomic profiles. Values are normalized predicted abundances.

5

Table S5.3. Pearson correlations between 6 measured metabolomic profiles and 175 predicted metabolomic profiles by MAMBO and genes-only approach. Correlations are only
shown if >5 metabolites of the predicted metabolites were measured and vice versa
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5
Figure S5.1. Principal co-ordinate analysis of the convergence of metabolome profiles inferred from 175 metagenomes
from four different body-sites, displaying body-site specific metabolomes. (A-D) Trajectories of the semi-Markov chain
search through the metabolome solution space towards the attractor domain of oral (A), skin (B), stool (C), and vaginal
(D) metagenomes, when for each, MAMBO was initialized with two predicted metabolomes from the other body-sites.
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Figure S5.2. Comparison of predicted and measured metabolites in human skin samples. Metabolites are shown for
which MS/GC spectra could be unambiguously mapped to metabolomes that were predicted by MAMBO. Scatter-plots
show the area under the MS/GC peak versus the concentration of metabolites predicted by MAMBO and a linear regression line. Bars show the coefficient of determination (R2).

5

Figure S5.3. Average Pearson
correlations between six experimentally measured and
175 computationally predicted metabolomes. Correlations
between similar and different
human body sites are averaged, error bars show the
standard deviation. Pvalues
are based on a one-tailed
unpaired T-test with unequal
variance. See Table S5.3 for
details.
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This thesis presented metabolism as a major unifying component that drives microbial systems at multiple levels. We integrated top-level measurements (reaction frequency, CRC metabolites, and species abundance distribution) with mechanistic
‘parts-lists’ consisting of GSMMs by using multiple simulation-based frameworks. Simulations were defined according to the nature of the system and the scope of the
pattern that we were investigating and generated predictions that were on a different level than the original measurements. These predictions were validated with independent assessments that were not used to build the models or the frameworks.
Prediction quality indicated that by constraining the flux of energy and matter to
produce a specific high-level behavior, several components of the system fall into
place. Effectively this process reduces the degrees of freedom of the system by constraining it to a realistic top-level biological context and is an important first step in
the development of comprehensive predictive computational models of microbial
systems.
FIRSs and elementary flux modes

6

There is an obvious parallel between the collection of FIRSs described in chapter 2
and the sets of reactions that are conventionally referred to as elementary flux
modes (EFMs) [504, 505]. EFMs are defined as sets of reactions that form a functional pathway and together bear flux under steady-state conditions (i.e. are not
blocked), where the removal of any reaction blocks the flux through the complete
set [505]. Technically speaking, the collection of FIRSs is a particular subset of the
larger set of EFMs. This particular subset contains the EFMs that allows the necessary
flux starting from the external environment through the full objective function.
Many other EFMs are likely present within a single FIRS. For example, the toy reaction set depicted in Figure 2.1C contains more than one EFM (e.g. R8, R5, and R12)
while all of the reactions highlighted in the Figure are necessary for a FIRS. An important distinction between FIRSs and EFMs is that EFMs in general do not assess an
objective function, but rather if the flux is blocked in a set of reactions. For this reason, they are more applicable to the analysis and identification of functional pathways while we proposed FIRS as a useful representation of the functional reactomes
(see chapter 2). Although apparently similar, FIRS and EFMs are identified by different algorithms and used for different purposes, their exact comparability and overlap is an interesting topic for the formal mathematical analysis of constrained-based
models. This analysis is beyond the scope of this thesis.

Models based on publicly available data
In the last decades, an overwhelming amount of genomics and metagenomics datasets have been generated, providing detailed descriptions of the gene content and
composition of many different microbiomes. These datasets provide the challenge
and opportunity for computational and theoretical biologists to build data-driven,
informative, and predictive models of microbes, their environments, and communities. Our studies vastly relied on publicly available and “recycled” data (see chapter
1.2) and our frameworks were developed for datasets that are readily and easily
measured. With the increasing capacity of technology to generate data, it is of great
importance to continuously iterate over the data that has been generated and de120

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 120

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

Discussion and outlook

velop innovative perspectives to identify new patterns. Likely the data to answer some of
the major questions in microbiology has already been generated and it is now a challenge
of filtering, modeling, and interpretation to answer them. Two important steps towards
the interpretation of the vast amount of microbiome data are 1) the identification of unifying principles to integrate and compare the existing data that are rooted in the conserved mechanisms of biological function; 2) The use of a large and minimally biased
quantity of data to average out the noise that prevails in specific measurements.
As explained in the general introduction (chapter 1), metabolism and specifically the flow
of energy and matter is the fundamental level for sufficiently detailed descriptions of microbial systems. It is particularly convenient that a substantial fraction of the information
about the metabolic reactions present in a system can be reconstructed from existing genomics data. Starting from these metabolic reactions, one can likely reconstruct the most
important patterns in the functioning, ecology, and evolution of the system. Although
this reconstruction is far from trivial, the examples we provided in this thesis indicate that
it is within reasonable reach.
The quality of public data and our still partial knowledge of gene functions and metabolism are the most compelling limitations of our studies. These are also likely to be important drawbacks in many studies that rely on data recycling and on the quality of gene
annotations, e.g.[497, 498]. We partially dealt with this limitation by using a large number
of datasets and models and by minimizing potential selection biases. For example, in the
study of chapter 2 we evaluate pan-reactome patterns in a broad group of 46 bacterial
and archaeal families each containing quality genomes for at least 25 species. In chapter 3
we used several strains of the same genus and found that some of the genus-level effects
of bacteria in CRC that have been reported in literature are probably restricted to a small
set of the species, instead of the genus. In chapters 4 and 5 we used more than 1500 FBA
models from the genomes that were annotated in independent datasets of the human
microbiome. By reducing the selection bias and using a vast amount of diverse data we
expect that inaccuracies in the data and specifically in the quality of GSMMs average-out
and that the patterns we find are unlikely to be the products of noise.

Extensive time-resolved cross-omics to enhance the development of informative
and predictive models

6

Although recycling and iterating over publicly generated data is a great source of biological discovery, the further development of predictive models for microbial systems would
significantly benefit from more refined data. Of particular relevance are time-resolved
measurements of multiple dimensions of the same system, which are currently limited. To
further refine frameworks such as the ones we describe in our studies, extensive timeresolved measurements of the transcriptome, metabolome, and metagenome of diverse
microbial systems would provide the ideal substrate for the development of predictive
and richly informative models. While sticking to the underlying structure of genomeencoded metabolic reactions, these models could be constrained with gene expression
data and check-points in the concentration of external metabolites. The timemeasurements would allow prediction and resolution of events that are transient or oscillate with time. Different mechanistic aspects of the system could then be integrated and
reconciled with the omics measurements. Such a framework would be the generalization
of the framework in chapter 5. There we used the metagenome and GSMMs to predict
121
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the environmental metabolome, we could then add features such as cross-feeding
interactions and population dynamics and, similarly, perform cross-omics predictions.
If we statistically constrained the mechanistic model to the conditions measured in
the environmental metabolome, we could attempt to predict the metagenomic
abundance distribution, and vice-versa. Additionally, if the metagenome and metabolome are reconciled with the mechanistic framework at a given time, we could attempt to predict their future compositions.

High-throughput culturing devices to discover mechanistic interactions
While obtaining extensive time-resolved cross-omics data would significantly improve
the power and resolution of mechanistic models, these models would still depend
critically on the quality of genome annotation and on the understanding of detailed
mechanisms in microbial systems. In a typical microbiome, a majority of the metabolic reactions that are happening has never been described in the scientific literature.
In our experience with metabolomic data, a significant fraction of the environmental
metabolites has not been integrated into GSMMs and the annotation of bacterial
enzymes and transporters and knowledge about specificity to certain metabolites is
largely insufficient for systems-level predictions. As we described in chapter 1.2, the
large majority of well-annotated microbial genes and functions come from model
organisms in restricted laboratory conditions. Historically, the discovery of gene functions and metabolic reactions has been slower and the result of detailed, but lowthroughput research.

6

The development of experimental setups that can scale-up the discovery of detailed
interactions in complex microbial systems is, in general, a significant challenge. For
example, in chapter 3 we experimentally tested the secretomes and supernatants of
157 bacterial strains that were identified by metagenomics to be associated with
CRC. To systematically assess the effects of these bacteria in CRC more than seven
thousand experiments of cell cultivation and MTT assays were performed. These experiments were performed for cell lines and isolated bacteria. Many more experiments would be required to test the effects of bacterial consortia in a complex tissue. Complete integration of the modeling framework based on chapter 4 with an
experimental setup based on chapter 3 that can test model-predictions or even suggest new components for models would likely require massive amounts of experiments.
The recent development of accurate high-throughput cultivation systems provide the
opportunity to thoroughly investigate the interface of microbes with their external
environments, both in isolation and in small communities [499–501]. In these systems, specific interactions with defined environment-conditions can be readily assessed with many experimental replicates. For instance, the “environment-ball” of
chapter 2 that was presented as a theoretical construct of a uniform random distribution of metabolite concentrations could be an explicit experimental setup in these
systems. Consortia consisting of all the combinations of 2, 3, or 4 species could be
tested in this random ball to identify the interactions that are environment-specific.
Most of the low-level mechanistic interactions that describe the flow of energy and
matter through microbial systems could be first identified and described in these
high-throughput experimental devices. These measurements could be added as an
122
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Discussion and outlook

intermediate layer, reconciled with the time-resolved cross-omics framework described
above.

Microbiome programing language
In my opinion, the overarching goal of contemporary microbiology is the development of
general, unified, predictive, and informative models of microbial systems. In these models,
microbial communities would be represented by a state-space of relevant variables, some
of which can be measured and others modelled by stochastic or deterministic processes.
The model would then allow us to recreate states from their fundamental components
and, even better, encode this information into a modeling process that consists of logic
gates and "codes" for all the possible states that these components can generate. An appropriate model would work as a “microbiome programing language”, solving a function
that is partially analogous to what has been popularized as Laplace’s demon [506]:
“An intellect which at a certain moment would know all forces that set nature in motion,
and all positions of all items of which nature is composed, if this intellect were also vast
enough to submit these data to analysis, it would embrace in a single formula the movements of the greatest bodies of the universe and those of the tiniest atom; for such an
intellect nothing would be uncertain and the future just like the past would be present
before its eyes.”
Laplace’s demon function is in principle a naïve expectation for modeling microbial systems, particularly when it states that the “past would be present before its eyes”. The microbiome programing language does not need to be fully deterministic and can actually
be Markovian and have its future (time = 1) fully determined from its current state (time
= 0). This future, in many foreseeable aspects, can be a perfectly stochastic choice of
states. Furthermore, the state-space needs not to be fully determined from its “tiniest atom”, but from a finite set of biochemical reactions. The fact that all possible states are
encoded by this language would imply nearly perfect structural identifiability rather than
complete predictability. Structural identifiability would reveal the high probability states
and transparently identify the limitations of any code to sufficiently describe a microbial
system, similar to how the second law of thermodynamics reveals the constraints of any
physical system.

6

123

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 123

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 124

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 125

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

126

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 126

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

127

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 127

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

128

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 128

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

129

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 129

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

130

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 130

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

131

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 131

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

132

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 132

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

133

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 133

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

134

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 134

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

135

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 135

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

136

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 136

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

137

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 137

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

138

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 138

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

139

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 139

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

140

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 140

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

141

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 141

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

142

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 142

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

References

R

143

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 143

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

R

144

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 144

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

Appendices

543226-L-bw-Garza
Processed on: 11-8-2020

PDF page: 145

product

/

//

The

magenta

border

indicates

the

final size

and will not

be

visible

in

the final

Summary
Genomics and metagenomics have become the core scientific tools to investigate patterns
in the evolution and ecology of microbes. The genetic content revealed by sequencing
provides us with invaluable information about the identity, abundance, diversity, and distribution of microbes in different ecosystems. An important feature that a microbial genome reveals is the set of genome-encoded metabolic reactions. Based on these reactions, one can reconstruct the biochemical landscape of a microorganism and identify the
pathways by which environmental metabolites are imported and used. Microorganisms
obtain free energy to perform their functions and matter to build their biomass from
their metabolic reactions. Biochemical reaction networks reconstructed from genomes are
termed genome-scale metabolic models (GSMMs). In this thesis, I used GSMMs combined
with three different computational frameworks to, respectively, predict and describe
three important patterns of microbial systems. The investigated patterns were: (i) the frequency distribution of genes in pan-genomes (Chapter 2); (ii) metagenomic signatures in
human colorectal cancer (CRC) (Chapters 3 and 4), and (iii) the species abundance distribution in the metagenomes of the human microbiome (Chapter 5). GSMMs were used as
the basic building blocks to explain these patterns and were integrated with the composition of the external environment into frameworks that mechanistically connect the patterns, the genome-encoded metabolic reactions, and the external environment in meaningful ways. Overall, this thesis provides novel tools and frameworks to model and explain
microbial systems starting from DNA sequences.

A

Chapter 1.1 contains a general introduction to some of the important patterns of metabolism and explains the three patterns of microbial systems that are listed above. Chapter
1.2 is a second introductory chapter where most of the microbial systems that were used
in the following studies are reviewed in detail, including cultured and uncultured microorganisms, microbial genomics, metagenomics, patterns in microbial assembly, and the development of mechanistic models of microbial systems. Chapter 2 reports an investigation
of the patterns in the dynamics and composition of pan-genomes. In this chapter, metabolic reactions were used as functional proxies for genes and a framework that mechanistically assesses the major drivers of gene frequency in pan-genomes was developed. Chapters 3 and 4 report investigations of the patterns found in metagenomic signatures of human colorectal cancer (CRC). First experimentally (chapter 3), the potential effect of secreted bacterial molecules and surface proteins in CRC cells are assessed and associated to
bacterial genomes. Next, a framework (chapter 4) that associates metabolites enriched in
CRC with the bacteria that are also found to be enriched in CRC metagenomes is described. Chapter 5 reports an investigation of the patterns in species abundance distribution in microbiomes. A framework that predicts the environmental metabolomes from
the association of growth rates predicted from GSMMs and the species abundance distribution measured by metagenomics is described. Chapter 6, concludes the thesis by discussing how the chapters are integrated and identifying their main limitations. We conclude by summarizing important future steps for the development of general, unified,
predictive, and informative models of microbial systems.
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Appendices

Samenvatting
Genomics en metagenomics zijn uitgegroeid tot de belangrijkste wetenschappelijke instrumenten om patronen in de evolutie en ecologie van microben te onderzoeken. De
genetische samenstelling die door middel van sequencing wordt onthuld, geeft ons waardevolle informatie over de identiteit, hoeveelheid, diversiteit en de verspreiding van micro
-organismen in verschillende ecosystemen. Een belangrijke eigenschap die is gecodeerd
door een microbieel genoom is de verzameling metabole reacties. Op basis van deze reacties kan men het metabolisme van een micro-organisme reconstrueren, een biochemisch landschap waarin paden te identificeren zijn waarlangs metabolieten uit het milieu
worden geïmporteerd en omgezet in energie en biomassa. De metabole reacties leveren
de microben vrije energie om hun functies uit te voeren en voedingsstoffen om hun biomassa op te bouwen. Deze biochemische reactienetwerken die zijn gereconstrueerd op
basis van complete genomen worden “genomische-schaal metabole modellen” (GSMM's)
genoemd. In dit proefschrift heb ik GSMM's gecombineerd met drie verschillende computationele methoden om respectievelijk drie belangrijke patronen van microbiële systemen
te voorspellen en te beschrijven. Deze drie patronen waren: (i) de frequentieverdeling
van genen in pan-genomen (hoofdstuk 2); (ii) metagenome profielen in menselijke
darmkanker (CRC) (hoofdstuk 3 en 4), en (iii) de abundantie van verschillende soorten in
de metagenomen van het humane microbioom (hoofdstuk 5). GSMM's werden geïntegreerd met de nutriëntensamenstelling van het externe milieu en gebruikt om de bovengenoemde patronen, de genoom-gecodeerde metabole reacties, en het microbiële
milieu met elkaar verbinden en hun interacties te begrijpen. Zo biedt deze dissertatie
nieuwe instrumenten en kaders om microbiële systemen te modelleren en te verklaren,
uitgaande van DNA-sequentiedata.
Hoofdstuk 1.1 bevat een algemene inleiding op enkele belangrijke patronen in het metabolisme en legt de drie hierboven genoemde patronen van microbiële systemen uit.
Hoofdstuk 1.2 is een tweede inleidend hoofdstuk waarin de meeste microbiële systemen
die in de volgende studies zijn gebruikt in detail worden besproken, waaronder gekweekte en niet-kweekte micro-organismen, microbiële genomics, metagenomics, patronen in microbiële samenstelling en mechanistische modellen om microbiële systemen
te beschrijven. In hoofdstuk 2 wordt verslag gedaan van een onderzoek naar de patronen in pan-genomen. In dit hoofdstuk werden metabole reacties gebruikt als functionele proxies voor genen en werd een raamwerk ontwikkeld dat de belangrijkste oorzaken van verschillen in de frequentie van deze genen/reacties in pan-genomen mechanistisch interpreteert. In hoofdstukken 3 en 4 wordt verslag gedaan van onderzoek naar
de patronen die zijn gevonden in microbiële patronen die kenmerkend zijn voor CRC.
Eerst wordt experimenteel het mogelijke effect van afgescheiden bacteriële moleculen en
oppervlakte-eiwitten op darmkankercellen gemeten en geassocieerd met bacteriële genomen (hoofdstuk 3). Vervolgens wordt een aanpak beschreven om metabolieten die
verrijkt zijn in CRC te linken aan CRC bacteriën (hoofdstuk 4). In hoofdstuk 5 wordt
verslag gedaan van een onderzoek naar de patronen in de verspreiding en de biodiversiteit in samenstelling van microbiomen op verschillende plekken van het menselijk
lichaam. Er wordt een methode beschreven die de metabolieten op deze plekken voor-
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spelt door groeisnelheden die met GSMM's zijn voorspeld te combineren met de verspreiding van soorten die met metagenomics zijn gemeten. In hoofdstuk 6 wordt het
proefschrift afgesloten met een bespreking van de rode draad die de hoofdstukken
verbindt, alsmede de belangrijkste beperkingen. We sluiten af met een uitzicht op de
belangrijke toekomstige stappen voor de ontwikkeling van algemene, uniforme, voorspellende en informatieve modellen van microbiële systemen.
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Appendices

Data Management
All supplementary tables of this thesis are available in the address: https://
danielriosgarza.github.io./.
Github repositories were made for chapters 2, 3, 4, and 5 containing the analysis scripts
and tables with the raw data.
Chapter 2: https://github.com/danielriosgarza/reaction_set_evolution
Repository containing all files and scripts is under construction and will be completed by
the time the manuscript is submitted. The GSMMs are currently stored in the CMBI server.
Chapter 3: https://github.com/danielriosgarza/CRC_gene_set_enrichment
Repository containing all files and scripts to reproduce the Figures and tables will be made
available soon.
Chapter 4: https://github.com/danielriosgarza/bacterial_passengers.py. The description of
the repository contains a link to an IPython notebook where the analysis of the paper can
be reproduced.
Chapter 5: https://github.com/danielriosgarza/MAMBO
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