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It is for many of us incomparably more interesting to be wandering in a half-light
uncovering hidden truths, bumping into others similarly occupied and adding to a
body of knowledge to which one’s friends and contemporaries are contributing, than
to be reading a complete account of established facts.

Marjory Stephenson, Bacterial Metabolism, Longmans, Green and Co. (1948)
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Chapter 1

Introduction

The human gut starts entirely or nearly entirely free of bacteria [1, 2|, but is quickly
colonised by many bacterial species [3, 4]. In a matter of days the bacterial pop-
ulation grows to around 10'Y bacterial cells per gram feces [5, 6]. Together, these
bacteria form a dynamic community in the gut. This community is known as the
infant gut microbiota. Influenced by factors such as nutrition and the environment,
each infant develops a unique microbiota. These microbiotas are very different from
those typically found in adults, and deserve to be studied on their own. The infant
gut microbiota has been recognised as important for infant health since the 19th
century [7], but until recently it was difficult to identify and quantify the major bac-
terial species involved [8]. With metagenomics it is now possible to identify hundreds
of different species in infant feces [3, 4, 9], and to analyse their metabolic capacity
[10, 11], but it is still unclear why the infant gut microbiota reaches the different com-
positions that it does, and how this process is influenced by nutrition [12]. To develop
new hypotheses, we develop mathematical models in this thesis. For these models,
we make use of genome-scale metabolic models (GEMs) [10, 11]. GEMs are recon-
structions of bacterial metabolic networks, based on bacterial genetics and enzyme
functions [13]. Each GEM consist of a list of reactions that a particular organism
can perform [13]. Each reaction has a set of input and output molecules. Together,
these reactions and molecules form a network model. Constraint-based modelling
can generate predictions for the flow of molecules through this network [13]. A GEM
can be used to create a stoichiometric matrix that includes the stoichiometry of each

reaction. Constraint-based modelling then applies additional constraints to these
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stoichiometric matrices [13]. These constraints can be based on our knowledge of the
bacterial environment, such as by constraining some reactions based on the avail-
ability of specific nutrients. By using these constraints, constraint-based modelling
can create predictions for what flows of molecules through the network are plausible
under different environmental conditions [13]. Constraint-based modelling predicts
metabolism as sets of flux rates for input fluxes, internal fluxes, and output fluxes.
These represent the flow of nutrients and metabolites into, through, and out of the
cell. One internal flux rate is usually taken as a proxy for the biomass production
rate. We use constraint-based modelling to make predictions on individual cells, and
integrate many of these predictions to create predictions for the mechanisms behind
the infant gut microbiota. These predictions may be used to guide future in wvitro
and in vivo research into the infant gut microbiota, and inform potential nutritional
interventions. In this chapter we will first explore the typical ecology of the infant
gut, followed by how constraint-based modelling works and how it can be used to

provide hypotheses on the mechanisms of the infant gut microbiota.

1.1 The infant gut microbiota

1.1.1 Infant health

The infant gut microbiota plays an important role in infant health [14]. Bacteria
of the genus Bifidobacterium are very common in the infant gut, and are associated
with health benefits for infants, such as a lower chance to experience colic [15] or be
underweight [16], and reduced inflammation [17]. These positive effects of Bifidobac-
terium are partially explained through its direct interaction with the immune system
[17], and partially by the metabolites it produces [18, 19]. Other bacterial species
are also associated with improved infant health. For example, butyrate production
by species such as Anaerobutyricum hallii is associated with a reduced chance to
develop allergies or colic [20, 21, 22, 23, 24]. Butyrate is the preferred source of nu-
trition for the infant’s gut colonocytes [25], which may explain its beneficial effects.
More generally, many species in the infant gut, including Bifidobacterium and bu-
tyrate producers, also release other acids into the gut [18, 26]. Acids produced by the
microbiota can prevent the growth of pathogens such as some pathogenic Fscherichia
coli strains [19, 18]. Finally, some species in the infant gut can consume the mucin
that is secreted by the gut wall [27], which may also affect infant health [28]. This
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Figure 1.1: Typical temporal progression of dominant bacterial groups in the
infant gut microbiota

Arrows indicate common transitions, but other transitions can also occur, and more com-
munity states exist. The presence and prevalence of trajectories other than E. coli to
Bifidobacterium to adult-like vary greatly across studies. The trajectories presented here
are based on [31, 32, 3, 33, 34]

consumption is associated with increased pathogen susceptibility in mice [28], possi-
bly because mucin consumption exposes the gut wall directly to the bacteria in the
gut [29]. A high abundance of Bifidobacterium may protect against mucin consump-
tion in breastfed infants [30]. We will address the mechanics behind this in chapter 4.
Because of these health effects, we are particularly interested in examining how and
why the microbiota reaches the composition that it does, and how this composition

may be influenced.

1.1.2 Microbiota composition

Studies of the healthy infant gut microbiota are necessarily limited to fecal samples
[35]. These function as a proxy for the actual infant gut microbiota in the infant
gut, but are not an unbiased representation of the whole gut microbiota [36, 35, 37].
Species that attach more strongly to the mucin may be under-represented in feces,
for example [36, 35]. Initial studies into the composition of the infant gut micro-
biota were also limited to easily culturable organisms from feces. Though E. coli
was first isolated and cultured from infant feces [7], other species were harder to
culture. Even with the introduction of qPCR, incorrect primers caused a systematic
under-reporting of Bifidobacterium species in feces until recently [8]. Metagenomic

techniques became available to study the gut microbiota in the mid-2000’s, and allow

|
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for the analysis of all genomic material in a fecal sample [38]. This provided a culture
and primer-independent view of the infant gut microbiota for the first time. However,
bias is still present with this method, for example due to species-specific differences
in DNA extraction efficiency [39], and some species that are detected with culture-
based methods may not be detected by metagenomics [37]. Some general temporal
patterns have been observed from the metagenomic analysis of infant fecal samples.
These patterns vary greatly due to many factors, only some of which are known.
Nonetheless, analysis of fecal samples currently provides the best available view on
the infant gut microbiota. These analyses predict that for the first days after birth
the infant gut microbiota in fecal samples is typically dominated by Enterobacteri-
aceae, particularly E. coli [32, 16, 31, 40]. This is typically followed by a succession
to a microbiota dominated by Bifidobacterium species, particularly Bifidobacterium
longum (32, 16, 31, 40]. However, this succession does not always occur. Various
possible paths are visualised in Fig. 1.1. The gut microbiota of some infants (e.g.
up to 17.6% in [33]) are instead dominated by Bacillota species such as Lactobacillus
[33] or Staphylococcus [32], and some other infant gut microbiotas are dominated
by Bacteroides species [34, 40, 3|, such as Bacteroides vulgatus [3]. Regardless of
community type, the microbiota typically shifts to an adult-like composition after
several months. This shift often coincides with weaning [41, 40]. Such an adult-like
microbiota is usually dominated by Bacillota or Bacteroides species [3, 40].

In addition to these very abundant species, many other species are present in
the infant gut microbiota at all timepoints [3, 31]. These may include populations
of the health-promoting butyrate producing bacteria [3, 20|, but may also include
pathogens [42] and species such as Ruminococcus gnavus and Cutibacterium avidum,
whose health effects are unclear [43, 44].

Next to the temporal variability of the microbiota there is likely also spatial
variation in the abundance of particular species within the microbiota. Such a spatial
distribution has been observed in piglets [45] and adult humans [46, 47, 48, 49]. These
studies revealed a complex distribution of species and bacterial interactions across
the gut. For example, in piglets the relative abundance of Lactobacillus is highest
proximally [46, 47], while Bacteroides is more abundant distally [47]. In adult humans
Bacteroides species are also more abundant in the distal colon, and Enterococcus
species are more abundant in the proximal colon [48]. Similarly, Proteobacteria are
more abundant close to the colon wall in adult humans, while Bacillota are more

abundant in the lumen of the colon [49]. Similar patterns may exist in the infant
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gut, but there is no specific knowledge on how the microbiota is spatially organized

in the infant gut.

1.1.3 Causes of variation in microbiota composition

The above described patterns are generalisations for the infant gut microbiota, and
it is important to note that the presence and timing of these patterns vary greatly
across infants [32, 33, 31]. Some of this variation may be explained by differences
in the techniques that are used to analyse the microbiota [8], but even within the
same studies a great variability is usually found between individuals of the same age
[32, 33, 31]. Many studies have attempted to explain some of this variation, and it
seems that many different factors interact [50, 51]. We will highlight some of these
factors: cesarean or vaginal birth [3], antibiotic usage [52], infant nutrition [53], and
region of birth [54]. Together, these can explain some, but not all variation in the
observed infant gut microbiota.

Analysis of fecal samples has shown that vaginally born infants typically acquire
some bacterial species from the mother’s gut microbiota and vaginal microbiota [3,
55]. Although the influence of these sources fades over time, they can greatly influence
the species present in the infant gut microbiota in the first days and weeks [56, 55].
Due to the the selection pressures in the infant gut, the effect of birth type on relative
abundances of species is typically much smaller. The composition of the infant gut
microbiota represents neither the mother’s gut microbiota nor the vaginal microbiota
[3, 56]. In infants born by cesarean section the relation between the mother’s gut and
vaginal microbiota is disturbed, and the infant’s gut microbiota is richer in species
acquired from the skin microbiota and other sources in the environment [3]. This
typically leads to a microbiota that is dominated by F. coli for longer, and a later
transition to Bifidobacterium [16]. Cesarean section is also associated with a lower
abundance of Bacteroides species in the infant gut microbiota [3] and an overall
lowered bacterial diversity [55]. However, these are only general patterns, and some
infants born by cesarean section have a microbiota indistinguishable from the typical
microbiota of vaginally born infants [51]. Altogether, infants born vaginally are
expected to have a microbiota that is, on average, more beneficial for the infant’s
health than those that are born by cesarean section [3]. Breastfeeding may partially
compensate for the negative effects on the microbiota of a cesarean section birth [50].

Infants are sometimes treated with antibiotics, which can greatly affect the gut
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microbiota even when not administered orally [57]. Antibiotics cause a decrease
in Bifidobacterium [57, 58|, an increase in E. coli [59, 60, 58], and a decrease in
total diversity [57, 58]. This effect is strongest in vaginally born infants [52]. The
microbiota usually recovers, but often only partially [57]. Changes in nutrition may
aid recovery [61], but it is unclear how consistently effective these are.

A very important difference in nutrition between infants is the type and quantity
of prebiotic oligosaccharides [62]. Prebiotic oligosaccharides are short chains of sugars
that cannot be digested by the infant, but can be digested by certain species in the
infant gut microbiota, primarily Bifidobacterium species [63, 64, 65]. When prebiotic
oligosaccharides are present, Bifidobacterium species can become very abundant [53].
All human milk contains prebiotic oligosaccharides, but the type and quantity varies
based on age and genetics [66, 67]. Milk oligosaccharides also occur in nearly all mam-
mal species [68], even those that do not produce lactose, such as the Virginia opossum
(Didelphis virginiana)[69, 70]. Milk oligosaccharides are hypothesised to have evolved
specifically to stimulate a beneficial infant gut microbiota [65, 70]. Many, but not
all, human infant formulas (artificial infant milk) also contain prebiotic oligosaccha-
rides, which may be identical to a type present in human milk, or unique to infant
formula [71]. When present, these oligosaccharides also stimulate Bifidobacterium
species [53]. This creates variability in the microbiota between infants fed formula
with oligosaccharides, formula without oligosaccharides, and breastfed infants [53].
Additional variation is introduced by the variable presence of Bifidobacterium species.
Of the Bifidobacterium species, Bifidobacterium longum ssp. infantis is considered
the best adapted to consuming human milk oligosaccharides [65]. However, infants
are only likely to acquire B. longum ssp. infantis in regions with historically high
rates of breastfeeding [54].

The birth conditions, nutrition and environment of the infant are known to be
important for the composition of the gut microbiota, but it remains unclear how
they are mediated. We must turn to bacterial metabolism and ecology to answer
why and how these factors ultimately contribute to the observed compositions of the

microbiota.

1.1.4 Bacterial metabolism and ecology

Because bacteria are excreted from the gut regularly, it is assumed that most bac-

terial populations in the gut, or at least the bacterial populations found in feces,
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need to grow rapidly to maintain a constant population in the gut [72]. Bacteria
need nutrients for growth, which can be derived from three sources in the infant gut:
nutrition undigested by the host, such as lactose from milk, nutrients released by the
host, such as intestinal mucin, and metabolites produced by other bacteria, such as
lactate. The type and amount of each of these sources greatly influence the abun-
dance of bacterial species [53, 73, 74, 75|. Because bacteria can derive nutrition from
multiple sources, this also leads to complex interactions between bacteria. Bacteria
may, for example, simultaneously compete with each other for host-derived nutrition
and benefit from consuming each other’s metabolites. We will discuss the sources of
nutrition and the possible interactions these allow.

Human milk and infant formula contain carbohydrates, proteins, and fats that can
be taken up by the small intestine of the infants [66]. A small quantity of these com-
pounds will inevitably evade uptake, and be available to the microbiota[76, 77]. Tt is
unclear exactly how much lactose is available to the microbiota, but it is estimated to
be around 2% [78]. As infant feces does not typically contain lactose [79], the micro-
biota likely consumes all lactose that reaches the colon [80]. The presence of lactose
in infant formula greatly increases the abundance of Bifidobacterium [75, 81]. This
indicates that at least some of the sugars in infant formula become available to the
microbiota. The presence of lactose in the gut may lead to competitive relationships
between bacteria.

Human milk and many infant formulas also contain prebiotic oligosaccharides.
Prebiotic oligosaccharides serve a unique role because they are resistant to uptake by
the infant, and so are nearly entirely available to the microbiota. Specialized enzymes
are required to break down these oligosaccharides, so they are not consumed by as
many different species as lactose [63, 64]. As mentioned before, prebiotic oligosaccha-
rides are consumed primarily by species of the genus Bifidobacterium [63, 64]. Both
intracellular and extracellular enzymes for degradation of prebiotic oligosaccharides
exist in this genus [82, 83|, and the enzymes used depend on both the Bifidobacterium
species and the oligosaccharide that is digested [82, 83, 84, 85, 86]. Competition oc-
curs between Bifidobacterium species for uptake of these oligosaccharides [83].

A second way in which oligosaccharides become available to the microbiota in the
colon is through mucin. Mucin is continuously released from the gut wall by dedicated
goblet cells, and consists largely of oligosaccharides [29]. The composition of these
oligosaccharides depends on age and genetics [29, 73]. Several species, including

Bifidobacterium bifidum and Bacteroides species, can consume these oligosaccharides
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[87, 27]. This typically occurs extracellularly, allowing other species to profit from
the breakdown products too [27]. Some infants have a microbiota that consumes
very little mucin [30]. This indicates that it is possible for this source of nutrition to
remain unused.

Extracellular digestion of oligosaccharides, both from mucin and from prebiotics,
often causes some breakdown products to be lost to the environment. This makes
the products available to other species as ’public goods’ [88, 27]. This is also known
as substrate cross-feeding [89], and may negatively affect the species that performs
the extracellular digestion [89, 88]. Many bacterial species in the infant gut also
excrete metabolites, such as lactate, that can serve as nutrition for other species
[90, 74], which is known as metabolite cross-feeding [89]. This type of cross-feeding
is typically commensalist, as it does not negatively affect the producer of metabolites
[89]. Cross-feeding is an important factor in shaping the composition of the infant
gut microbiota [27, 91]. Many species, including the main producers of the beneficial
butyrate, rely on cross-feeding to acquire nutrients [92]. These species can use both
substrate cross-feeding and metabolite cross-feeding [27]. Conversely, cross-feeding
is also used by some pathogens to establish themselves in the infant gut microbiota
[93, 94]. Some species in the infant gut, such as Veillonella dispar, even lack the
ability to consume sugars altogether [95]. This species relies entirely on alterna-
tive carbon sources such as lactate [74]. The production of cross-feeding substrates
is variable - for example Bifidobacterium only produces the cross-feeding substrate
lactate when sugars are abundant [90]. Other cross-feeding substrates can also be
produced by Bifidobacterium, such as propane-1,2-diol and fucose, but these depend

on the composition of the oligosaccharides consumed [96, 82].

Because our knowledge of the infant gut is limited to in vitro experiments and
analysis of fecal samples it remains unclear how much production and consumption of
cross-feeding substrates occurs in vivo, and by what species. This makes it difficult to
design, for example, nutritional interventions that stimulate species that cross-feed,
such as the butyrate producers associated with improved infant health [20]. In vitro,
Bifidobacterium may consume a specific oligosaccharide and produce metabolites that
are consumed by butyrate-producing bacteria. These butyrate-producing bacteria are
associated with improved colonocyte health in vivo. However, in vivo the metabolites
produced by Bifidobacterium may instead be taken up by other species, that are not
beneficial (Fig. 1.2). Even when specific combinations of species can be studied in

vitro, it is not feasibly to study many combinations due to constraints on time and
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Figure 1.2: Schematic of potential cross-feeding in the infant gut
Nutrition, particularly prebiotic oligosaccharides, is consumed by Bifidobacterium, which
produces intermediate metabolites such as lactate. These may be taken up by butyrate-
producing bacteria, which produce butyrate that can be consumed by colonocytes. However,
they may also be taken up by other bacteria that do not produce butyrate.

materials. More generally, it remains unclear how and why the ecology of the infant
gut is formed, and what factors are most important in shaping them. Why are these
particular species dominant, and others present at a low abundance? Can we shape
the microbiota to have a certain composition? We turn to modelling of bacterial
metabolism and ecology to try to provide more predictions and hypothesis to guide

future experiments.

1.2 Modelling the infant gut microbiota

In this thesis we will use constraint-based modelling techniques to make predictions
and create hypotheses for the mechanics of the infant gut. We will first present an
overview of the methods used to model bacterial metabolism, followed by modelling

of metabolic interactions over time and space.

|
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1.2.1 Modelling bacterial metabolism

Many techniques exist for modelling bacterial metabolism and bacterial interac-
tions, including systems of partial differential equations [97], inferred-network based
methodology [98], and constraint-based modelling [99]. We will focus on constraint-
based modelling, because of its ability to model very complex metabolisms and

metabolic interactions without precise kinetic parameters.

The constraint based modelling techniques we discuss here start with a metabolic
network reconstruction [13, 100]. A metabolic network reconstruction consists of a
list of reactions, performed by enzymes, each of which has a set of input and output
molecules. For example, the beta-galactosidase reaction takes the disaccharide lactose
as input, and produces the monosaccharides glucose and galactose. Another reaction
may convert galactose to glucose. Together, these reactions and molecules form a
reconstructed metabolic network [13, 100] (Fig. 1.3A). From this network model, a
stoichiometric matrix can be created that contains the stoichiometric coefficients of
each reaction [13]. Many possible configurations of fluxes could flow through this
system - we call these configurations solutions. Together, these solution form a
solution space. Constraint-based modelling places constraints on the stoichiometric
matrix to represent, for example, physical or chemical constraints [13]. This limits
the solution space. The shape of the resulting solution space informs what set or
sets of fluxes are plausible [13]. Concretely, constraint-based modelling can, as we
will discuss in detail later, make predictions for the metabolic inputs and outputs of
a bacterial population, what internal reactions are used in the process (Fig. 1.3 B),

and how all this depends on the available inputs.

The constraint-based study of bacterial metabolic networks emerged from the
study of capacitated flow networks [100]. Capacitated flow networks are graphs
where each edge has a certain capacity. Capacitated flow networks were first used in
an American study of Soviet railway networks [104]. These networks, where cities are
nodes and railway lines are edges, could be analysed to show which lines were most
vital to the functioning of the transportation network [104]. Similar analysis can be
performed on graph representations of metabolic network models. Here, the nodes
of a graph represent enzymes, and the edges linking them represent the molecules
that the enzymes can convert into other molecules. Capacity limits can be imposed
to represent the limited availability of certain molecules. Early analysis of bacterial

metabolic networks models focused on analyzing very simplified networks that con-

10
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Figure 1.3: Visualisations of a genome-scale metabolic network model of Bi-
fidobacterium longum Purple represents intermediate metabolites, orange represents
metabolites that can be exchanged with the environment, and green represents reactions.
Arrows indicate whether metabolites are consumed or produced by the reactions. GEM and
names used from [101]. (A) Visualisation of the whole metabolic network model, created
with ModelExplorer [102]. (B) Visualisation of a flux balance analysis solution of the net-
work of A, when optimising ATP production with lactose and water as only inputs, and an
enzymatic constraint [103]. Transport reactions and co-factors are not depicted.
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tained only a few reactions [100]. More recent techniques allow for the reconstruction
of genome-scale metabolic models (GEMs) that may contain thousands of reactions,
a large part of the metabolism of a species [10]. These GEMs are generated by
analysing the complete genome of a bacterial species, identifying the enzymes and
metabolic functions present, and assigning appropriate reactions [10]. Further gap-
filling and curation allows for the creation of metabolic models that match much,
but not all, of the available in vitro data on, for example, which carbohydrates could
be fermented by which bacterial species[10]. We use the AGORA database in this
work, which contains over 800 GEMs of species within the human gut microbiota,
including all major infant gut microbiota species [10]. These models encompass the
consumption and creation of sugars, some polysaccharides, and amino acids, but not
the prebiotic oligosaccharides that are common in the infant gut, or factors such as
protein regulation. The lack of protein regulation means that the constitutive ex-
pression of enzymes, which occurs in many bacteria [105, 106], is not represented.
These models thus provide a robust basis for modelling, but not a complete represen-
tation of metabolism. The models need to be extended to address some more specific

questions, such as questions about prebiotic oligosaccharides.

From a GEM, bacterial metabolism can then be analysed using several constraint-
based techniques, such as flux variability analysis [107], elementary flux mode analysis
[108], and flux balance analysis (FBA) [13]. We will focus on FBA. FBA can create
predictions for what fluxes flow through the reactions of a metabolic network under
certain conditions. Concretely, FBA predicts a solution for the network. This solution
consists of a set of fluxes f , which includes input fluxes, internal fluxes, output fluxes,
and flux through a reaction that is assumed to be a proxy for biomass production. To
do this, FBA uses a stoichiometric matrix S generated from the GEM that contains
the stoichiometry of all metabolic reactions [13]. Together, all these reactions are

assumed to be in steady state:

S-f=o0,

where f is a vector of the metabolic fluxes through each reaction in the network,
in quantity per time unit per population unit. One reaction is marked as the ’biomass
reaction’. FBA assumes that the bacterium regulates its metabolism in such a way
that flux through the biomass reaction is optimised. Given these assumptions, FBA

uses linear programming to calculate what set or sets of fluxes f optimise this biomass

12
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reaction. This set of fluxes is the prediction FBA makes of the bacteria’s metabolism.
It contains the input and output of metabolites, as well as a growth rate. To place the
model in a more specific context, many additional constraints can be used in FBA. For
example, reactions that can take up metabolites from the the environment, F;;,, can
be constrained by an upper bound F,; that represents the availability of metabolites

from the environment:

FTi)n < ﬁub- (1'1)

Additional limits can be set on the network to represent limited enzymatic ca-

pacity, such as by limiting the total amount of flux [100, 109]:

>, f<a (1.2)

where the enzymatic constraint a is in quantity per time unit per population
unit. Many additional techniques exist to constrain metabolism. For example, ther-
modynamic constraints can be introduced [110], or membrane occupancy constraints
[111]. These constraints allow for more realistic predictions of bacterial metabolism
by allowing for, for example, substrate concentration-dependent shifts in metabolism
[112]. Specific reactions can also be added or disabled to represent mutated bacterial

populations [13].

1.2.2 Modelling bacterial metabolic interactions

Initial models of bacterial metabolism represented a single population of bacteria
exchanging nutrients and metabolites with the environment (Fig 1.4A). FBA was
used to calculate a steady state, or a set of steady states, which could then be anal-
ysed [113, 114]. However, bacterial species are rarely alone in their ecosystem. Later
models incorporated multiple species, which could each have their own network of
reactions [115]. These populations were coupled to each other by their shared use
of the same metabolite pool (Fig. 1.4B). Again, FBA was used to calculate steady
states which could be analysed. This allowed for the modelling of competition and
cooperation between species. However, many ecological processes are dynamic, and
do not maintain a single steady state. To represent these conditions dynamic FBA
(dFBA) was developed [116]. In dFBA the model is run in timesteps, and a steady

state is calculated for each timestep. Within each timestep the populations are
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Figure 1.4: Schematics of several ways of modelling bacterial metabolism

(A) A single population exchanging metabolites with a metabolite pool in steady state (B)
Two populations exchanging metabolites with the same metabolite pool in steady state (C)
Two populations exchanging metabolites with the same metabolite pool in non-steady state,
i.e. with dynamic FBA (D) Two species, each with many small populations, on a spatial
grid that regulates the exchange of metabolites in non-steady state, i.e. with dynamic FBA.
Populations may also move across the grid.
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Chapter 1. Introduction

assumed to be in a quasi-steady state [117]. This means that there is no accumula-
tion of nutrients or metabolites within the cells, so that all nutrients taken up are
converted into either growth or metabolites. By updating the metabolite pool and
population sizes each timestep based on the quasi-steady state solution, and then
recalculating the FBA, changes over time can be modelled for one ore more popu-
lations [118] (Fig. 1.4C). When multiple species are used this is known as dynamic
multi-species metabolic modeling (DMMM)[118]. DMMMs are capable of capturing
ecological processes that vary over time, but the spatial dimension is also important
in many ecological contexts [119, 46, 120]. To represent this, spatial DMMMs have
been developed [121, 122] (Fig. 1.4D). These models also include a spatial dimension
that influences how bacterial populations can interact over time [121, 122]. Bacterial
populations have specific locations, and exchange of metabolites between populations
depends on diffusion and flow [121]. Bacterial populations can also move across loca-
tions, so that spatial separation can occur. The addition of spatial mechanics allows
the system to model complex competitive relationships between bacterial colonies
that would not exist in a well-mixed condition [121]. This approach also allows for

the modelling of the spatial dimension of the gut, which we will discuss next.

1.2.3 Modelling the gut microbiota

From the spatial DMMM approach, several models have been developed that provide
explanations or predictions for observed effects in the gut microbiota. Van Hoek and
Merks [122] based all species in their DMMM on a Lactobacillus plantarum genome-
scale metabolic model enhanced with other common gut bacteria pathways. They let
this model evolve to fill several niches in a spatial simulation of the adult gut [122].
These evolved species also displayed spatial variation, as cross-feeding took place
more distally in the gut than primary consumption. The BacArena framework was
the first to model the gut microbiota with a variety of species-specific GEMs [123].
This allows the model to make predictions on the metabolic and spatial roles of spe-
cific species in the microbiota. Specifically, BacArena predicted that the presence of
intestinal mucins drives bacterial diversity, and that a gradient of mucin consumption
exists in the gut [123]. Later work with the SteadyCom framework reproduced the
spatial variation between facultative and strict anaerobes in the adult human gut,
but not the Bacillota/Bacteroides ratio typically observed [124]. In this thesis, we
will apply the DMMM modelling approach to the infant gut microbiota to create
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1.3. Thesis outline

hypothesis and make predictions specific to the infant gut. We base our model on
the spatial model of Van Hoek and Merks [122], which we combine with the GEMs
of the AGORA database [10].

1.3 Thesis outline

The thesis is structured as follows. In chapter 2 we introduce the multiscale math-
ematical model of the infant gut microbiota. We use the model to examine the role
of factors such as enzyme limitations and oxygen availability in shaping succession in
the infant gut. In chapter 3 we expand the model to include the prebiotic oligosac-
charides galacto-oligosaccharides (GOS) and 2’-fucosyllactose (2’-FL), and examine
how the addition of these prebiotics influence the model predictions. We focus in par-
ticular on the possible effects on the health-promoting Bifidobacterium species and
butyrate producers. In chapter 4 we further expand the model by including mucins,
and the extracellular digestion of mucins, GOS, and 2’-FL. This extracellular diges-
tion allows for cross-feeding to occur in new ways. We examine why breastfeeding
may reduce mucin consumption in the infant gut, and explain the different abundance
of species through differences in their metabolism, in particular whether or not they
produced public goods. In chapter 5 we examine the effects of disturbances by
factors such as antibiotics on the infant gut microbiota, how the microbiota recovers
from these disturbances, and how this may be influenced by prebiotic oligosaccha-
rides. Finally, in chapter 6 we discuss the methods and findings of the thesis in
a broader context. We discuss the assumptions and weaknesses of our modelling

approach, and give recommendations on future improvements and explorations.
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Abstract

The human intestinal microbiota starts to form immediately after birth and is im-
portant for the health of the host. During the first days, facultatively anaerobic
bacterial species generally dominate, such as Enterobacteriaceae. These are suc-
ceeded by strictly anaerobic species, particularly Bifidobacterium species. An early
transition to Bifidobacterium species is associated with health benefits; for example,
Bifidobacterium species repress growth of pathogenic competitors and modulate the
immune response. Succession to Bifidobacterium is thought to be due to consump-
tion of intracolonic oxygen present in newborns by facultative anaerobes, including
Enterobacteriaceae. To study if oxygen depletion suffices for the transition to Bifi-
dobacterium species, here we introduced a multiscale mathematical model that con-
siders metabolism, spatial bacterial population dynamics, and cross-feeding. Using
publicly available metabolic network data from the AGORA collection, the model
simulates ab initio the competition of strictly and facultatively anaerobic species in a
gut-like environment under the influence of lactose and oxygen. The model predicts
that individual differences in intracolonic oxygen in newborn infants can explain the
observed individual variation in succession to anaerobic species, in particular Bifi-
dobacterium species. Bifidobacterium species became dominant in the model by their
use of the bifid shunt, which allows Bifidobacterium to switch to suboptimal yield
metabolism with fast growth at high lactose concentrations, as predicted here using
flux balance analysis. The computational model thus allows us to test the internal

plausibility of hypotheses for bacterial colonization and succession in the infant colon.
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Chapter 2. Modelling the Early Infant Gut Microbiota

2.1 Introduction

The human infant microbiota starts forming directly after birth, and differs greatly
from the adult microbiota [16]. Three main community types are observed in the
infant: (a) a Proteobacteria-dominated microbiota; (b) an Actinobacteria-dominated
microbiota; and, less frequently (12-14% in one study [33]), (¢) a Bacilli-dominated
microbiota [16]. The three main community types are established after an ecological
succession of early communities. This ecological succession is thought to be controlled
by nutrition and early oxygen in the colon. To develop hypotheses on the potential
mechanisms and controlling factors of the initial development of the human micro-

biota, in particular the role of early oxygen, we introduced a computational model.

In the first 24 to 48 hours after birth, Proteobacteria, including Escherichia coli
and Enterobacter cloacae, and Bacilli, including Streptococcus, Lactobacillus, and
Staphylococcus, are the most common [8, 16]. In the following weeks Proteobacte-
ria are often replaced by anaerobic Actinobacteria, mainly Bifidobacterium species,
whereas Bacilli are succeeded by either Proteobacteria or Actinobacteria. Other
anaerobic species are also found, but typically do not dominate. Actinobacteria gen-
erally persist as the dominant group until weaning [16]. A possible trigger for the
replacement of the Enterobacteriacea by Bifidobacterium spp., is depletion of a hy-
pothesized initial amount of oxygen [125, 14]. Oxygen diffuses into the gut lumen
from the body and is taken up by bacteria, by colonocytes, and by non-biological
chemical processes in the cecal contents [126, 127, 128] leading to oxygen depletion.

The relative importance of these processes is still under debate [127, 128].

Bifidobacterium species [16] are associated with a range of health benefits. For
example, early succession to a Bifidobacterium dominated microbiota is correlated
with reduced probabilities to be underweight at 18 months of age or to experience
colic [33, 15]. Acetate and lactate produced by Bifidobacterium also contribute to the
acidification of the infant gut, which suppresses many pathogens [18]. A key question,
therefore, is if and how Bifidobacterium can be promoted. The composition and
development of the infant microbiota is thought to be determined by many factors,
including nutrition [3, 129, 53], i.e. human milk or infant formula. The presence of
lactose, the most abundant carbohydrate in human milk and most infant formulas, is
essential for acquiring high levels of Bifidobacterium [75]. This suggests that nutrition

can play a crucial role in promoting Bifidobacterium.

To obtain more insight into the potential ecological and metabolic mechanisms

19



2.1. Introduction

underlying bacterial colonization and succession in the infant colon, here we propose
a multiscale, spatial computational model of the infant gut microbiota. Earlier work
has introduced similar models of the adult gut microbiota [130, 131, 123, 122]. Those
models make use of flux balance analysis (FBA) to model metabolism. Given a
number of constraints, including substrate availability and enzyme availability, FBA
uses genome-scale metabolic network models (GEMs) to predict optimal biomass
or energy production and the exchange of metabolites with the environment. In
spatial FBA, FBA models representing small subpopulations of bacteria are coupled
together to model a microbial, metabolizing ecosystem. While some approaches
assume the whole system is in steady-state, allowing them to use the optimization
approach for the whole ecosystem [131], here we build upon dynamic approaches
such as BacArena [123], COMETS [132], and the approach by Van Hoek and Merks
[122]. In these models, the metabolite exchange rates given by FBA are used to
dynamically change metabolite concentrations in the environment, and predict the
resulting effects on the bacterial populations. These properties make these dynamic,
spatial FBA approaches highly suitable for our purpose of modeling the formation
of the infant gut microbiota.

To analyze succession of bacterial species in a dynamic ecosystem such as the
infant gut, it is key to accurately describe the dependency of bacterial growth rate
and metabolite exchange on environmental metabolite concentrations. Previous work
has shown that these are well described by constraints on the metabolic capacity of
bacterial cells. These are given by an ’enzymatic constraint’ which poses a limit on
the summed metabolic flux through the whole cell [100], or through more advanced
methods such as flux balance analysis with molecular crowding (FBAwMC) [133],
which weighs the flux constraint according to the efficiency and volume of the indi-
vidual enzymes [112]. Our model is, therefore, based upon the previous approach by
Van Hoek and Merks [122], which uses FBAwMC. However, because such detailed
data on enzyme efficiency and volume is unavailable for the majority of GEMs, here
we have replaced FBAwMC with the simpler ’enzymatic constraint’ approach [100].
This approach allows us to model metabolic limitations and substrate-dependent
switches in metabolism.

The model represents the first 21 days of development of the infant microbiota in
a dynamic, spatially extended, gut-like environment, and considers three scales. At
the microscopic scale, the model simulates individual metabolites. At the mesoscopic

scale, metabolism and growth of bacteria occurs as a function of the local availability

20



Chapter 2. Modelling the Early Infant Gut Microbiota

of metabolites. The local environment is depleted by the bacterial models, and re-
ceives the metabolites they deposit. This will influence the availability of metabolites
in the next timesteps. The macroscopic scale represents the whole ecosystem. At
this level a diffusion model simulates the spread of metabolites between adjacent lat-
tice sites, and a local mixing model simulates mobility of bacterial populations. The
metabolites also undergo advection distally to represent luminal movements, while to
represent adherence to the mucus the bacterial populations do not advect. Bacterial
populations are also randomly deleted to represent local extinction, and they can
form new populations in their immediate environment. The system currently consid-
ers 15 bacterial species based on 15 GEMs taken from the AGORA collection [10], a
database of 773 semi-automatically reconstructed GEMs of human gut bacteria that
includes all major infant species [10].

The infant gut microbiota is partially limited by carbohydrates. Prebiotic car-
bohydrates increase population sizes in vitro and in mice inoculated with infant gut
bacteria [62, 134]. The primary carbohydrate in human milk and nearly all infant
formula is lactose, and infant formulas without lactose lead to a different infant mi-
crobiota with greatly reduced Bifidobacterium abundance [75]. Therefore to a first
approximation, we ignore key nutrient sources such as human milk oligosaccharides,
fats, protein residues, or intestinal mucus and focus on carbohydrate metabolism,
here taking lactose as the only input carbon source in the model.

In comparison with the previous approach [122] upon which the present work
builds, the technological advance is that the present framework simulates a dynamic
ecology of a large diversity of bacterial species. To this end, the modeling framework
can, with minor modifications, import any GEM written in SBML, such as those in
the AGORA database that we use in this project [10]. The previous system [122]
could only describe a 'superbacterial’ metabolic network representative of the adult
microbiota, while bacterial diversity was simulated by activating or repressing indi-
vidual pathways. In the present work we studied a selection of species representative
of the infant microbiota. The new system also allows us to analyze and visualise
the flow of fluxes through the emergent network of dynamically interacting spatially
distributed populations. The conceptual advance following from this technological
advance is that we can now predict the effect of environmental conditions (oxygen,
food, etc.) on the relative abundance of individual bacterial species. This advance
has allowed us to use the system to demonstrate the mechanistic consistency of the

hypothesis [125, 14] that a transition from an Enterobacteriaceae-dominated micro-
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2.2. Results

biota to a Bifidobacterium spp.-dominated microbiota is explained through gradual
depletion of oxygen leading to anaerobiosis. The model suggests that high levels of
initial oxygen can lead to prolonged dominance by Enterobacteriaceae, even after
oxygen has been depleted, possibly explaining observed variation in the composition
of the infant microbiota [16, 53|, and reveals possible cross-feeding interactions be-
tween the species. Altogether the model proved to be a useful tool for qualitatively

evaluating hypotheses on the dynamics of the infant gut microbiota.

2.2 Results

2.2.1 Model outline

The model of the infant colon is discussed in detail in Section Methods. Briefly, given
a typical infant colon length of 45 cm [135] and diameter of approximately 1.5 cm
[136] the colon is described on a regular square lattice of 2258 boxes of 2 mmx2 mm
each, thus reaching a good balance between computational efficiency and accuracy
(Fig. 2.1A). Because bacterial populations can vary at a much smaller scale [137, 138,
the boxes are purely used as a computational discretization. Each lattice site can
contain a population of one species, representing only the locally dominant bacterial
species. It is described by a GEM from a list of 15 species prevalent in the earliest
infant gut microbiota ([139, 3| selected from the AGORA collection [10]) (Table 2.1,
Methods section’ Species composition’).

A simulation proceeds as follows. We initialize the system by placing approxi-
mately 540 small populations of the 15 species randomly across the lattice (Fig. 2.1B).
We run the model in timesteps representing three minutes of real time, these timesteps
proceed as follows: To mimic carbohydrates entering the colon from the small intes-
tine, a pulse of lactose is introduced every 60 timesteps to the lattice sites of the
six most proximal columns (Fig. 2.1A-1). Then we predict the metabolism of local
bacterial populations using FBA. To mimic metabolic trade-offs, we use an enzy-
matic constraint that sets the maximum summed flux for each FBA solution. The
uptake bounds for each population are set according to the local concentrations of
metabolites (Fig. 2.1C&D). FBA returns a solution that maximizes the rate of ATP
production, which is a suitable proxy for the rate of biomass production [140] given
the focus on carbohydrate metabolism. This biomass production rate (indicated by

brightness in Fig. 2.1B) is used to update the local population size. Populations
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Figure 2.1: The multi-scale metabolic model

(A) Schematic of the model at a system level. Circles represent bacterial populations, color repre-
sents species. Flow through the tube is from left (proximal) to right (distal). Lactose is placed at
the proximal side. Output metabolites are examples, and depend on bacterial metabolism. Lattice
dimensions and ratio are schematic. (B) Screenshot of the bacterial layer of the model at a single
time point. Color indicates species, brightness indicates growth rate on the current timestep. (C,D)
Screenshots showing, respectively, lactose and lactate concentration of the model corresponding to
B. Intensity indicates concentration.

spread into an available adjacent lattice site once the population size has exceeded a
threshold. The FBA solution also returns a set of metabolite exchange rates, which
are used to update the local metabolite concentrations (Fig. 2.1D). In total, 723
extracellular metabolites are described in the model, but only 17 of these are typ-
ically found in more than micromolar amounts in our simulations (Methods, Table
2.2). Bacterial populations diffuse through swaps of the content of adjacent lattice
sites (Fig. 2.1A-2). Metabolites diffuse between adjacent lattice sites (Fig. 2.1A-3)
and advect to more distal sites (Fig. 2.1A-4) over one lattice per timestep, reaching
transit times of effectively 11 hours [141, 142]. Metabolites and populations that
reach the distal side of the system (Fig. 2.1A-5) are removed. To mimic the appear-
ance of new bacterial populations (e.g. from ingested spores or introduction from
intestinal crypts [143]) each empty lattice site now has a small probability to be
filled with a new bacterial population selected at random from all available species
(Table 2.1). This completes the timestep, after which we record the metabolite con-
centrations and bacterial population in the whole model. All parameters are given

in Section Parameters. We have also performed a sensitivity analysis for several pa-
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rameters around the default parameter set shown in Table 2.3 (Section Sensitivity
analysis).

We performed several checks to ensure the biochemical and thermodynamic plau-
sibility of the model (Methods section 'Checking the validity of the GEMs’). After
the resulting corrections to the GEMs (S1 Table), no atoms were generated or lost
by the FBA solutions, there was no flux through the objective function without a
substrate, and 99.999% of all fluxes of Fig. 2.3A contained less free energy in the
output than in the input. The remaining 0.001% all had no energy increase and
growth rates less than 0.001% of the average growth rate. We therefore concluded

that the system conserved mass and energy.

2.2.2 Enzymatic constraint reproduces metabolic switching in
Bifidobacterium

Many microorganisms switch between metabolic pathways of higher and lower yield
depending on substrate availability. These so called metabolic switches can be repro-
duced with FBA through an enzymatic constraint [100, 144, 109, 112] that limits the
summed metabolic flux of a bacterium. Bifidobacterium also displays a metabolic
switch through a pathway known as the bifid shunt. At low extracellular sugar con-

centrations, Bifidobacterium produces a mixture of acetate, ethanol, and formate in

Table 2.1: Species included in our model, all from the AGORA collection[10]. Color
indicates color used in figures

Species Family Anaerobic? [10] Reactions
Bacteroidaceae Yes 2474
Bifidobacterium breve Bifidobacteriaceae Yes 1987
Bifidobacterium longum ssp. infantis Bifidobacteriaceae Yes 1005
Bifidobacterium longum ssp. longum | Bifidobacteriaceae Yes 2043
Blautia hansenii Lachnospiraceae Yes 2055
Collinsella aerofaciens Coriobacteriaceae Yes 920
Dorea formicigenerans Lachnospiraceae Yes 2072
Parabacteroides distasonis Porphyromonadaceae  Yes 2519
Ruminococcus gnavus Lachnospiraceae Yes 2225
Veillonella dispar Veillonellaceae Yes 1124
Enterococcus faecalis Enterococcaceae Facultative 1174
Enterobacter cloacae Enterobacteriaceae Facultative 1800
Escherichia coli SE11 Enterobacteriaceae Facultative 2356
Lactobacillus gasseri Lactobacillaceae Facultative 1163
Streptococcus salivarius Streptococcaceae Facultative 1190
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Chapter 2. Modelling the Early Infant Gut Microbiota

a 1:1:2 ratio from pyruvate. At increased sugar concentrations the bifid shunt instead
reroutes pyruvate to lactate. In addition acetate is produced from acetyl-phosphate
independently, such that at low concentration of sugars Bifidobacterium produces
acetate, ethanol and formate in a 4:1:2 ratio, and at increased sugar concentrations
Bifidobacterium switches to production of acetate and lactate in a 3:2 ratio [145, 90].

To test if the enzymatic constraint sufficed to explain the metabolic switch in
Bifidobacterium, we performed simulations of a single timestep in increasing lactose
concentrations (Fig. 2.2A). These correctly predicted the metabolic switch. The rel-
ative production rate of each metabolite (Fig. 2.2A) before, during, and after the
metabolic switch, as well as the pathways used (S1 Figure), matched the experimen-
tal observations [145, 90]. Simulations without the constraint only reproduced the
situation at low concentrations of lactose (S2 Figure A), showing that the enzymatic
constraint is required. The model also predicted an unobserved metabolic switch on
lactose in E. coli (S2 Figure B) and reproduced the metabolic switch in Bacteroides
vulgatus [146] (S2 Figure C). Another effect of the enzymatic constraint is that the
growth rate saturates at a species-dependent concentration (Fig. 2.2B, S2 Figure D).
As a consequence the relative growth rates of the species depended on the lactose

concentration.

2.2.3 Model predicts Bifidobacterium dominance through

metabolism under anaerobic conditions

After having established the effect of the enzymatic constraint in models of indi-
vidual bacterial populations, we studied the behavior of the full multiscale model
for anaerobic conditions. After 21 days (10080 timesteps) Bifidobacterium spp. had
become the most abundant in 27 of 30 simulations (Fig. 2.3A, S1 Video), a typical
situation found in infants of a corresponding age [3, 33]. Also in agreement with in
vivo data, the model predicted the presence of populations of F. coli. Our model
also predicted populations of Blautia hansenii, which is only occasionally present
in the infant colon [3]. We will investigate the niche of this species further in the
section "Non-Bifidobacterium species benefit from lactate consumption’. All species
other than the aforementioned had abundances either lower or not significantly higher
than their initial abundance after 21 simulated days (p>0.05, two-sample t-test). To
test if these species were required for the formation of the community we ran an

additional 30 simulations in which we only included species that had an abundance
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Figure 2.2: Enzymatic constraint reproduces metabolic switching in Bifidobac-
terium

(A) Production of metabolites per timestep by a B. longum infantis population of 5 - 10° bacteria
with access to one lattice site (0.05ml) using our FBA with enzymatic constraint method. (B)
Growth per timestep by lactose concentration for populations of 5 - 10° bacteria with access to
one lattice site (0.05ml) of some major bacterial species using our FBA with enzymatic constraint
method. B. longum infantis is used as the Bifidobacterium representative.

significantly larger than their initial abundance at the end of other simulations. This
led to a very similar set of outcomes (S3 Figure A). In these simulations none of
the species abundances differed from the original simulations when all species were
included (p>0.05, two-sample t-test). In the remaining simulations, all species were
included in order to prevent an initial bias, thus leaving in the possibility that any of
the rare species become abundant under one of the conditions considered. In practice,

this did not occur.

We next analysed the metabolites diffusing or advecting out of the distal end of
the gut over the last two days of the simulations of Fig. 2.3A. We found considerable
amounts of acetate, formate, lactate, hydrogen, ethanol, and succinate (Fig. 2.3B).
All other metabolites were present in much smaller quantities. The high abundance
of acetate and lower abundance of lactate agree with the fecal composition of three
month old formula-fed infants [147], and is characteristic of microbiota dominated
by Bifidobacterium. Formate, hydrogen, ethanol and succinate are also all reported
in infant feces [31, 148, 149, 150].
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Figure 2.3: Bifidobacterium spp become dominant anaerobically and mostly
proximally with a unique metabolic profile

(A) Abundances for grouped species over 21 days. One day is 480 timesteps. Curve shows mean
value and shaded area one standard deviation over n=30 simulations. (B) Distribution of metabo-
lites exiting the system distally over the last two days (960 timesteps) of the simulations (n=30).
(C,D) Visualisation of metabolic interactions in the sample run of S1 Video. Green lines represent
production, yellow lines represent consumption. Line width and intensity are proportional to the
amount exchanged with the environment, with a threshold of 0.5 pmol, with no normalization.
Metabolite circle size is relative to the most abundant metabolite, with a minimum displayed size of
26 pixels. Data from hour 90 to 93 (step 1800 to 1860) for C and last 3 hours (step 10020 to 10080)
for D (E) Spatial distribution of lactate over the last two days (960 timesteps) of the simulation.
Curve shows mean value and shaded area one standard deviation over n=30 simulations. (F) Abun-
dance per location for grouped species over the last two days (960 timesteps). Curve shows mean
value and shaded area one standard deviation over n=30 simulations. (G) Metabolism of lactose by
grouped species. All data from last two days. n=30. (H) Metabolism of lactate by grouped species.
All data from last two days. n=30.
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To examine how this metabolic pattern is formed, we analysed the metabolic
production and uptake in a sample run (Fig. 2.3C). Bifidobacterium converts lac-
tose into a mix of acetate, lactate, ethanol, and formate, as predicted (Fig. 2.2A),
with a higher lactate production than ethanol or formate. Some of this lactate is
reabsorbed in later timesteps and converted into the three other metabolites by Bifi-
dobacterium. A mixture of lactose and cross-feeding products is converted by E. coli
and B. hansenii into the remaining metabolites of Fig. 2.3B. The main cross-feeding
nutrient absorbed is lactate, produced by Bifidobacterium, but there is also uptake
of ethanol, formate, acetate, and succinate. These are also produced by the cross-
feeders. The network has become simpler at the end of this run, as B. hansenii is at
a very low abundance and E. coli now only consumes lactose, lactate, and ethanol,
which it does not produce (Fig. 2.3D).

2.2.4 Cross-feeding emerges in simulations

The observed cross-feeding in the sample run (Fig. 2.3C&D) suggested that pro-
duction of metabolites by Bifidobacterium spp. may be crucial for E. coli and B.
hansenii. To further analyse such cross-feeding interactions we next analysed the
spatial distribution of lactose and the Bifidobacterial products lactate and acetate.
From day 19 to 21, lactose was present mostly proximally (S3 Figure B), lactate was
most abundant in the middle of the colon (Fig. 2.3E), and acetate was most abun-
dant distally (S3 Figure C). To analyse the role of Bifidobacterium spp. in shaping
this metabolic pattern, we analysed the location of populations from day 19 to 21
(Fig. 2.3F). Bifidobacterium spp. was located proximally, whereas the other species
were located more distally. These results suggested that separated metabolic niches
had formed in the simulated colon. To quantify cross-feeding interactions we summed
the flux of lactose and lactate for Bifidobacterium and for all non-Bifidobacterium
species grouped together. Bifidobacterium spp. was the largest consumer of lactose
(Fig. 2.3G) and both the largest producer and consumer of lactate (Fig. 2.3H). An
additional consumption of lactate towards acetate, formate and ethanol takes place
at lower lactose concentrations, when the enzymatic constraint is not saturated by
lactose uptake. However, the non-Bifidobacterium groups consumed more lactate
relative to their lactose consumption. To test the effect of lactate uptake by Bifi-
dobacterium, additional simulations were run in which the conversion from lactate to

pyruvate was blocked, preventing Bifidobacterium from consuming lactate. In these
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simulations Bifidobacterium was the most abundant group in 20 of the 30 simulations,
with the largest average abundance (S3 Figure D). Thus lactate consumption played
a small role but was not the primary cause of Bifidobacterium’s dominance. We hy-
pothesized that Bifidobacterium’s primary niche is as primary consumer, consuming
lactose, while for other species niches exist as primary and/or secondary consumer
around consuming lactose or lactate. Combined with the observation (Fig. 2.3E)
that lactate concentration is lower in the distal colon and the recorded cross-feeding
fluxes in our network visualisation (S1 Video), we can conclude that the population
at the distal end of the simulated colon consists at least partially of such secondary

consumers, i.e. cross-feeders.

2.2.5 Lactose uptake through the bifid shunt is essential for

Bifidobacterium dominance

Next we determined whether the bifid shunt is essential to Bifidobacterium domi-
nance in the model. We disabled the bifid shunt by blocking all flux through the
reactions associated with fructose-6-phosphate phosphoketolase and ran 30 simula-
tions. Fructose-6-phosphate phosphoketolase is unique to and necessary for the bifid
shunt, and characteristic of Bifidobacterium as a genus [151]. Bifidobacterium spp.
were dominant in none of these simulations (Fig. 2.4A, S2 Video). Instead, E. coli, B.
vulgatus, and B. hansenii were dominant. This indicates that the bifid shunt is crucial
to the dominance of Bifidobacterium spp. in our model. We also ran 30 simulations
in which only the production of lactate was disabled in Bifidobacterium (S3 Figure
F). 27 of these simulations still led to Bifidobacterium dominance. This indicates
that the metabolic switch to lactate production was not essential to Bifidobacterium
dominance in our model. B. vulgatus also had a higher average abundance, but this

was not significant (p=0.27, two-sample t-test).

2.2.6 B. hansenit but not E. coli can sustain itself on cross-
feeding

We observed that non-Bifidobacterium species appeared in the simulation behind a

proximal population of Bifidobacterium spp. (Fig. 2.3F). These non-Bifidobacterium

species consumed lactose (Fig. 2.3D&G), despite the fact that lactose concentra-

tions have dropped compared to the proximal part (S3 Figure B). We therefore
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(A) Abundances for grouped species over 21 days. The bifid shunt was disabled for all Bifidobac-
terium species. One day is 480 timesteps. Curve shows mean value and shaded area one standard
deviation over n=30 simulations. (B) Abundances for grouped species over 21 days, but with lactose
disabled for non- Bifidobacterium species from 5040 timesteps (10.5 days) onwards. One day is 480
timesteps. Curve shows mean value and shaded area one standard deviation over n=30 simulations.
(C,D) Visualisation of metabolic interactions in a sample run. Green lines represent production,
yellow lines represent consumption. Line width and intensity are proportional to the amount ex-
changed with the environment, with a threshold of 0.5 pmol, with no normalization. Metabolite
circle size is relative to the most abundant metabolite, with a minimum displayed size of 26 pixels.
Data from hour 90 to 93 (step 1800 to 1860) for C and last 3 hours (step 10020 to 10080) for D.
(E) Growth per timestep by lactate concentration for populations 5 - 10° bacteria with access to
one lattice site (0.05ml) of some major bacterial species (F) Abundances for grouped species, with
lactate consumption disabled for all species. One day is 480 timesteps. Curve shows mean value
and shaded area one standard deviation over n=30 simulations.
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wondered how these non-Bifidobacterium species could persist in the model. At
reduced lactose concentrations, E. coli produces more ATP per timestep than Bi-
fidobacterium spp. (Fig. 2.2B). We hypothesized that non-Bifidobacterium species
outcompete Bifidobacterium at reduced lactose concentrations in the model. To test
this hypothesis, we blocked lactose consumption by non- Bifidobacterium species after
10.5 days, the midway point of the simulation, and ran 30 simulations. In this way,
we ensured that sufficient secondary resources were produced by Bifidobacterium in
case non-Bifidobacterium species made use of them. We observed a sharp popula-
tion decrease of non-Bifidobacterium species starting directly after blocking lactose
uptake (Fig. 2.4B). E. coli had a near-zero abundance at the end of these simula-
tions. B. hansenii also had a significantly lower abundance compared to the baseline
(p<0.01, two-sample t-test), but still had a presence (S2 Video). Thus, in our simu-
lations, some amount of primary consumption was essential for E. coli, but not for

B. hansenii.

2.2.7 Non-Bifidobacterium species benefit from lactate con-

sumption

To analyse how B. hansenii could sustain a population as secondary consumer, we
investigated the substrates used by non-Bifidobacterium species in the model. Anal-
ysis of the flow of metabolites between species in a new run showed that the uptake
of lactose by B. hansenii decreases over time, while the uptake of lactate increased
(Fig. 2.4C&D). E. coli and B. hansenii also produce more ATP from lactate than
Bifidobacterium at any concentration (Fig. 2.4E). Combined with our earlier observa-
tions of cross-feeding on lactate (Fig. 2.3D&H) we hypothesized that Bifidobacterium
species cannot compete with F. coli and B. hansenii on pure lactate. Consumption of
lactate by B. hansenii could be essential to its ability to sustain populations without
lactose uptake.

To investigate if lactate is essential in feeding secondary consumer populations, we
blocked the lactate uptake reaction for all species and ran 30 simulations. (Fig. 2.4F,
S2 Video). At 21 days B. hansenii populations were much smaller than in simulations
with functional lactate uptake, not significantly larger than the initial populations
(p>0.05, two-sample t-test). E. coli populations were also significantly smaller than
those in simulations with lactate uptake, but also significantly larger than their ini-

tial population at the start of the run (p<0.05, two-sample t-test). Bifidobacterium
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populations were similar to those in the baseline simulations (Fig. 2.3A). Together
with the results in Fig. 2.4B this indicates that E. coli does not require lactate as a

cross-feeding substrate like B. hansenii does.

2.2.8 E. coli outcompetes Bifidobacterium by taking up early

oxygen

During the first days Enterobacteriaceae or Bacilli such as Streptococcus are dominant
in the in vivo infant gut microbiota, after which Bifidobacterium spp. are often
dominant [16, 3]. This pattern may be explained by the presence of oxygen in the gut
shortly after birth [14, 8], e.g. via diffusion through the gut wall [127] or accumulation
in the newborn infant gut in utero in the absence of microbes [1]. Intracolonic oxygen
diffusion depends on host tissue oxygenation and colonic blood flow [152, 153]. To
mimic the early presence of oxygen we introduced 0.1 to 10 pmol initial oxygen per
lattice site. These values were chosen arbitrarily in absence of precise data, but cover
a wide range of outcomes in our model. The oxygen diffused, but did not advect in
the model.

0.1 pmol initial oxygen sufficed to reproduce the pattern observed in vivo: E.
coli initially dominated and Bifidobacterium became dominant after a few days or
weeks of simulated time (Fig. 2.5A, S3 Video). However, we did not see dominance of
Streptococcus in any of the simulations, in contrast to observations in vivo [33|. The
initial presence of oxygen strongly affected the other species in the model: B. hansenii
remained nearly entirely absent, while B. vulgatus had a higher abundance than it
did without initial oxygen. In the network analysis of a sample run a similar pattern
occurs as in the networks of Fig. 2.3C, but with different early species (Fig. 2.5B).
Here the Enterobacteriaceae E. coli and Enterobacter cloacea consume more of the
early lactose, along with oxygen. By the end of the run Bifidobacterium spp. again
took up the role of primary lactose consumer and lactate producer, whereas E. coli
had fed largely on lactate (Fig. 2.5C), thus assuming a role of secondary consumer.

At 1 or 10 pmol initial oxygen per lattice site E. coli and E. cloacea remained
dominant and the main primary consumers for longer (Fig. 2.5D, S4 Video), and
succession to Bifidobacterium took much longer, or did not occur at all within the
simulated timeframe (Fig. 2.5E). At 10 nmol oxygen per lattice site Bifidobacterium
either dominated the population or remained much smaller, with few intermediate

cases, leading to a bimodal distribution (Fig. 2.5F). This prediction matches in vivo
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(A,D,E) Abundances for grouped species. One day is 480 timesteps. Curve shows mean value and
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simulations.
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observations [16, 53]. The proportion of infants dominated by Enterobacteriaceae
at 21 days of age varies depending on the study population, but can be 22% [33]
or 25% [32] after 21 days, an intermediate value between the 10% (Fig. 2.5D) and
the 60% (Fig. 2.5E) that we observe with different oxygen levels. We also initialised
four sets of simulations in which oxygen was released from the upper and lower
boundaries of the system every timestep (S4 Figure A-D). This led to an increasingly
stronger stimulation of E. coli with higher levels of oxygen, but did not lead to
any of the temporal effects observed in vivo. In a separate set of simulations we
stopped oxygen release at the midpoint of our simulations. We observed an increase
of Bifidobacterium spp. and a decrease of E. coli after that point (S4 Figure E),
leading to a bimodal outcome similar to the simulations with initial oxygen (S4
Figure F).

We further examined the causes of E. coli dominance over Bifidobacterium in the
presence of oxygen in our model. Fig. 2.5G shows that when oxygen is available FE.
coli has a much higher growth per timestep in our model than Bifidobacterium spp.
for all concentrations of lactose, even though Bifidobacterium spp. also produce more
ATP than under anaerobic conditions. B. hansenii and Streptococcus salivarius, in
contrast, grew slower than Bifidobacterium for all concentrations in the presence of
oxygen. This effect depends on the local oxygen concentration, but E. coli grows
faster than other species even at concentrations much lower than our initial value
(S4 Figure G). E. coli does not use overflow metabolism in our model, though E.
cloacea does, and E. coli does when in the presence of glucose (S4 Figure H,I,J).

To test if the direct uptake of oxygen was indeed responsible for E. coli’s dom-
inance of the microbiota, we disabled the oxygen uptake reaction of E. coli for 30
simulations with 1 pmol initial oxygen per lattice site. Under these conditions, E. coli
failed to dominate the population (Fig. 2.5H). Other species, primarily E. cloacae,
became dominant early in the simulations as a primary consumer (S4 Video). These
species are replaced in all simulations by a population composition similar to that
from the simulations without oxygen. In some studies, Klebsiella species were the
dominant early members of the Enterobacteriaceae instead of E. coli [154]. To exam-
ine whether our model could also reproduce early dominance by a Klebsiella species
we initialized the simulations with a set of species containing K. pneumoniae instead
of E. coli. At 0.1 pmol initial oxygen per lattice site, these simulations behaved the
same as the original simulations initialized with E. coli (S4 Figure K): Bifidobac-

terium became the most abundant group after 21 days in 26 out of 30 simulations.
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In simulations initialized with both K. pneumoniae and E. coli, K. pneumoniae be-
came the most abundant in 15 of 30 simulations, and Bifidobacterium in the other 15
(S4 Figure L). Altogether, the model predicts that E. coli relies on direct consump-
tion of oxygen to dominate the microbiota under initially oxygenated conditions in
the model. It also indicates that E. cloacea does not have an anaerobic metabolism
competitive enough to sometimes become dominant over Bifidobacterium spp. as E.
coli does, and that other Enterobacteriaceae such as K. pneumoniae can perform

similarly to E. coli.

2.2.9 Sensitivity analysis

A number of key parameters in our model were based on reasonable estimates. To
test the effects of these parameter values on the simulation results, we performed a
sensitivity analysis for these parameters under anaerobic conditions, which best rep-
resents the situation at the end of the simulations (Fig. 2.6). As shown in Fig. 2.2B
and S2 Figure D, after relaxing the enzymatic constraint Bifidobacterium spp. loses
its competitive advantage at high lactose concentrations (S4 Video). This leads to
reduced dominance or extinction in whole-gut simulations (Fig. 2.6A). Tightening
the enzymatic constraint led to Bifidobacterium spp. remaining dominant, but with
a much smaller population size. Thus the presence of an enzymatic constraint suffi-
ciently large for metabolic shifts, but not its exact level, is crucial for the prediction of
Bifidobacterium dominance. We set the enzyme constraint at a level strong enough
to predict the metabolic shifts observed in witro, but not so strong as to prevent
reasonable growth. The ATP required for a unit of population growth had a linear
effect on population size, as expected, but had little effect on the relative abundance
of Bifidobacterium (Fig. 2.6B). The large number of populations with a low ATP re-
quirement also made the model computationally unfeasible. The rate of colonization
had little effect on the simulation outcomes: at increased colonization rates, Bifi-
dobacterium spp. still dominated the microbiota and its relative abundance remained
unchanged (Fig. 2.6C). Even eliminating colonization altogether hardly affected Bi-
fidobacterium spp. dominance in most simulations, but led to complete extinction
of all Bifidobacterium species in 5/30 simulations and of all 12 non- Bifidobacterium
species in 9/30 simulations. Thus we kept a moderate amount of colonization in the
model. We also examined the effect of placing new populations after initialization

only in the first column of the lattice, with a probability increased to match the lower
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number of eligible squares (S5 Figure A). This also led to a slightly larger but still
comparatively small population for the non-Bifidobacterium species. To determine
the optimal spatial discretization we ran the model on a more coarse and on a more
refined lattice, scaling the diffusion, advection, and initialization and colonization pa-
rameters accordingly (Fig. 2.6D; see methods section 'Population dynamics’). Lattice
refinement did not change the dominance of Bifidobacterium nor the spatial distri-
bution of metabolites and populations (S5 Figure B-E), but on a more coarse lattice
the smaller number of lattice sites seemed to increase the rate of extinctions and
variability of metabolite distributions (S5 Figure F-I). The diffusion of metabolites
had a larger effect on the simulation results (Fig. 2.6E). At low diffusion rates, the
populations tended to die out, because they had less opportunity to take up lactose
as they were exposed only as it 'passed by’ due to advection. At high diffusion rates
cross-feeders and Bifidobacterium consumed all lactate (S5 Figure J); in infant feces
substantial amounts of lactate are found [147, 91]. We therefore decided to choose a
value for which the system produced the observed concentration of lactate. Finally
the amount of mixing of bacteria was varied (Fig. 2.6F). Bifidobacterium remained
dominant regardless of the diffusion parameter, even when the bacteria were fully
mixed (i.e. placed at random locations) each timestep. Without mixing the popula-
tions could not spread, for lack of empty space. The bacterial diffusion constant is 1.3
times higher than the metabolic diffusion constant. As shown in Fig. 2.6F the exact
setting of the bacterial diffusion has little effect on the outcomes of the simulations,

so we have maintained bacterial diffusion at this baseline.

2.3 Discussion

To develop new hypotheses for possible external effects on the initial phases of the
infant gut microbiota, we have developed a dynamic multiscale model. Our simula-
tions reproduce the initial dominance of Enterobacteriaceae, particularly E. coli, over
Bifidobacterium species, and the subsequent dominance of Bifidobacterium species,
out of a broad consortium of infant species. Moreover, our simulations suggest show
the consistency of the classical hypothesis that this succession could be due to an ini-
tial presence of oxygen, followed by microbial depletion [125, 14]. These predictions
on oxygen suggest that higher levels of initial oxygen may explain the absence or
strong delay of Bifidobacterium development that is observed in some infants [33]. A

continuous input of oxygen did not explain the pattern observed in vivo (S4 Figure
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Figure 2.6: Sensitivity analysis for estimated parameters

Abundances for Bifidobacterium spp. and other species at the end of day 21 with different param-
eters. n=30 for each condition. (A) Effect of enzymatic constraint around the default value of 2
nmol flux per timestep per 1-109 population (B) Effect of the amount of ATP required for growth
of 1-10'0 bacteria around the default value of 10 pmol (C) Effect of variation in continued influx
of populations per timestep per empty square around the default of 0.00005 (D) Effect of variation
in width and height of lattice, including adjustment of associated parameters, around the default
of 8x225 lattice sites (E) Effect of variation in diffusion for metabolites away from the baseline of

4.4-107° cm? /s (F) Effect of variation in diffusion of bacterial populations away from the baseline
of 5.7-107% cm? /s
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A-D), but stopping the input of oxygen at the midway point of the simulation did
lead to a similar pattern (S4 Figure E-F).

While it is known that there is variation in colonic oxygenation [152, 153], the
range of this variation in newborns is not known. In premature infants a positive
association exists between the number of days of supplemental oxygen and Klebsiella
sp. abundance [154]. Klebsiella was the primary representative of the Enterobacte-
riaceae in this study population. However, only very few of these infants developed
a Bifidobacterium dominated microbiota, regardless of the duration of supplemental
oxygen. Nonetheless, it may be desirable to reduce oxygen concentration faster to
achieve the positive health effects of Bifidobacterium more consistently. As the direct
oxidation of lipids and other organic substrates may contribute to creating anaerobic
conditions in the colon [127], altered nutrition may allow for a decrease in oxygen in
the colon without stimulating facultative anaerobic bacteria such as E. coli. There
are also indications that short-chain fatty acids produced by Bifidobacterium may
decrease oxygen levels by stimulating the oxygen use of colonocytes [128]. Future
versions of the model could represent these oxygen-depleting mechanisms by local-
ized (e.g., near the intestinal wall) and distributed oxygen consumption terms. At
present the model predicts that distributed oxygen usage by such additional processes
will speed up the succession to an anaerobic, Bifidobacterium-dominated microbiota.
The limit case, i.e. extremely fast oxygen consumption, is represented by the anaer-
obic case (Fig. 2.3). The effect of localized oxygen consumption processes, e.g., near
the intestinal wall is a topic of our ongoing research.

Our simulations predict that the dominance of Bifidobacterium spp. in the anaer-
obic infant system could be explained from its consumption of lactose through its bifid
shunt metabolism. Our model can correctly represent bifid shunt metabolism due
to the implementation of an enzymatic constraint on the maximum total metabolic
flux in the bacteria (Fig. 2.2). Both the low and high yield metabolism, and the
switch between them based on nutrient availability, have been extensively described
in vitro [90]. The FBA with enzymatic constraint method we use is similar to flux
balance analysis with molecular crowding (FBAwMC) [133]. As in FBAwMC we
consider the enzymatic constraint to represent the limited availability of space and
production capacity for enzymes within a bacterial cell. However, in the absence of
good reaction-specific thermodynamic information for our current model, we do not
utilize the reaction-specific technique of FBAwMC. We instead base an enzymatic

constraint only on the size of the local population, which is sufficient for modeling
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a metabolic switch. This is equivalent to using FBAwMC and placing all crowding
coefficients at the same positive number, which has been done previously to model
metabolic switches [133]. More broadly, our method is similar to other existing meth-
ods that model metabolic switches by including limits on fluxes that represent some
physical limit on metabolism, such as proteome constraints or membrane occupancy
[155, 144, 156, 118]. It has been shown that metabolic switches in microbes can be
modelled in many ways, provided that two simultaneous constraints are in place [112].

In our case, these are the concentration of substrate and the enzymatic constraint.

The metabolic switch of Bifidobacterium in our model determines the production
of its metabolites. The two most abundant, acetate and lactate, are present in the
simulated feces at a median ratio of 3.5:1 (Fig. 2.3B), similar to that found in formula-
fed infant feces [147, 91]. We can derive a concentration in mM if we assume each
of the eight lattice sites whose metabolites are advected out of the system each step
contains 0.05ml of water. This is based on an estimated total volume of 90ml, divided
over 1800 lattice sites (Table 2.3). This results in an average concentration of 29 mM
acetate and 8 mM lactate in the simulated fecal output analyzed in Fig. 2.3B. These
values are close to, and well within the variability, of the average values for acetate
and lactate of 31 and 12 mM respectively in the feces of two-week old infants in [91].
The median ethanol:acetate ratio of 1:21 is similar to the ratios of 1:18 and 1:10
reported in term infants [149] and the 1:50 reported in pre-term infants [157]. We
use ratios here because the measures per gram dry weight are not available in our
model. We observe a lower quantity of ethanol in the simulated fecal output of the
simulations where lactate uptake by Bifidobacterium was disabled (S3 Figure E).

Bifidobacterium takes up lactate in our model and converts it into pyruvate,
catalyzed by lactate dehydrogenase. In our model this pyruvate is then further
converted to formate, ethanol, and acetate through the high-yield pathway also used
in lactose metabolism. However, strong lactate uptake by Bifidobacterium spp. has
not been observed in vitro (in e.g. [158]). Thus, while the enzymes used for lactate
consumption exist in Bifidobacterium, it is not known if the pathway is used in vivo
to the extent predicted by the model. Lactate uptake by Bifidobacterium has only
little impact on the simulation results (S3 Figure D). Similarly, though growth on
lactate by E. coli in the presence of oxygen is well documented, this is not the case
for the anaerobic condition [105]. Lactate uptake is not essential for E. coli, as it
can exist in a more purely primary consumer role (Fig. 2.4F). The third consumer

of lactate, B. hansenii, is present only marginally in vivo [3]. This matches with our
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results for initially oxygenated conditions, in which B. hansenii is also largely absent.
However, other species that could fill the same lactate-consuming secondary consumer
niche as B. hansenii in our model are common in vivo [74]. Our selection of species
may be further improved to allow the correct species to emerge in this secondary
consumer niche. For example, it might be appropriate to add Eubacterium hallii, a
common infant gut bacterium known to consume Bifidobacterium-produced lactate

and acetate in vitro [82].

More generally, our model predicts a lower diversity overall in both bacterial
species and metabolites compared to what is observed in vivo [3]. While the abundant
species in our model largely match with the abundant species in vivo, many other
species such as those of the genera Streptococcus and Lactobacillus have a lower
abundance in our model compared to the in vivo conditions[3]. We have decided
to keep all less abundant species in our simulations, to show how in most cases the
correct species out of a broad consortium become dominant. There were no large
differences when we ran the simulation without these smaller species (S3 Figure A).
Particularly the lack of representation of the Bacilli species in our model outcomes is
notable. While some sources report a portion (e.g. 12-14% [33]) of their subjects to
be dominated by Bacilli, mainly Streptococcus, the Streptococcus species in our model
never became dominant. We showed that S. salivarius has an inferior metabolism
on lactose and lactate compared to other species in our model (Fig. 2.2A, Fig. 2.4E,
Fig. 2.5G).

The discrepancy between our model and the in vivo data in the abundance of less
common species such as Streptococcus may partially be explained through the focus
of our model on carbon dissimilation. Though it would be preferable to represent the
whole metabolism of the infant microbiota, including factors such as consumption of
amino acids, oligosaccharides and intestinal mucus, the initial version presented here
only considers carbon metabolism from lactose. While a more extensive metabolism
might have allowed more mechanisms and niches to be discerned, it would also intro-
duce additional free parameters, as there is no clear data on the concentration and
uptake of these nutrients. The uptake bounds would have to be set arbitrarily, with
uniform values or random sampling. Many substances such as fatty acids or protein
residues are not even included as metabolites in the database we use for bacterial
metabolism [10], further complicating their introduction to the model. By focusing
on carbon metabolism, using ATP production as a proxy for growth rate, and only us-

ing lactose as an input nutrient, we can circumvent these problems. ATP production
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has been shown to be a good proxy for biomass production in E. coli [140]. Supple-
mentation of the in vitro and model organism infant gut microbiota with prebiotic
carbohydrates led to a larger microbiota, primarily due to larger Bifidobacterium
populations[62, 134]. This indicates that carbon metabolism is a limiting factor,
especially in the absence of prebiotics, as in our model. However, as the increased
population in these in vitro and in vivo studies consisted largely of Bifidobacterium,
other species were not necessarily also carbon limited. In addition, ATP production
may not be a good proxy for biomass production in some species. Species-specific
information on the relation between ATP and biomass production may aid future
modelling. Finally, gaps in the GEMs we use may cause ATP production itself to be

underestimated compared to what occurs in vivo.

Besides details on the modelling of metabolism, the way that diffusion and advec-
tion of bacteria and metabolites is handled in the simulations may impact the predic-
tions of our model. The sensitivity analysis demonstrated an unrealistic metabolic
output when the metabolic diffusion coefficient was raised to 2.2 - 107 cm?/s (S5
Figure J). Although this value is much lower than diffusion coefficients measured in
the adult intestinal lumen (1-1072 ¢cm?/s) [159], in the infant colon mixing may be
reduced compared to the adult colon: motor activity that mixes the colon contents
[160] is rarer in infants than in older children or adults [161, 162]. Exact measure-
ments of mixing in the infant colon will be hard to obtain. Related to this, while we
did not examine the effect of bacterial advection in our current work, our previous
work [122] suggested that increased bacterial advection greatly reduces diversity and
spatial patterning in the model. In fact, compared to the adult gut, in the infant gut
there is increased motor activity driving advection [162] and infants display faster
colonic transit than adults [141, 142]. In light of these data, which seem to indicate
much faster bacterial advection and stronger luminal mixing than what we have as-
sumed in our model, a potential interpretation of the present set-up of our model
is that it represents the dynamics of bacterial populations adhering to the intestinal
wall in interaction with metabolites advecting through the lumen. Our future work
will explore in more detail how a balance between adhesion of microbiota to the
mucus [163], versus advection of bacteria and metabolites in the lumen affects the

colonization of the infant colon.

Our modeling approach relates to alternative simulation frameworks, such as
Steadycom, BacArena, and COMETS [131, 124, 123, 121]. These frameworks, in
particular the new COMETS 2 framework [132] would certainly be suitable for an-
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swering questions similar to those asked in the present work. In absence of suitable
frameworks at the initial phases of this project, and given the flexibility that comes
with using an in-house code base, we preferred to continue developing our own line
of gut models [122]. A future implementation of our model in one of the available
simulation frameworks would be useful exercise, facilitating future development and
comparison of models.

We have used our modeling approach to generate testable hypotheses on the
causes and mechanics of succession in the infant gut microbiota, potentially laying
the foundation for nutritional interventions that could improve the health of infants.
It should be emphasized that the current and future work on this model represent
a tool for generating hypotheses, and for testing potential mechanical explanations.
We cannot fully represent the complexities of the infant gut microbiota, and any
generated hypotheses must necessarily be validated in vitro and in vivo. There is
work to be done to further study the relevant factors, and to bring these results
into a more realistic model context. We aim to do so by integrating the prebiotic
oligosaccharide and protein content of nutrition into the model. This may lead to the
creation of more niches in the model, and so a diversity closer to that of the in vivo
system. We will also continue to improve the selection and curation of metabolic
models, such as by disabling lactate uptake in certain species or including a wider
diversity of GEMs. This may lead to novel future insights on the interactions between

differences in infant nutrition and succession in the infant microbiota.

2.4 Methods

We use a spatially explicit model to represent the newborn infant microbiota (Fig. 2.1A).
Our model is based on an earlier model of the adult gut microbiota [122]. The model
consists of a regular square lattice of 225 X 8 lattice sites, where each lattice site
represents 2 mm X 2 mm of space, resulting in an infant colon of 450mm by 16mm.
Each lattice site can contain any number of metabolites of the 723 types represented
in the model in any concentration and a single simulated bacterial population. The
metabolism of these bacterial populations is based on genome-scale metabolic models
(GEMs) from the AGORA collection of species-specific GEMs [10]. From this set,
we have chosen 15 GEMs based on a consortium of known infant microbiota species
[139, 3]. Their metabolic inputs and outputs are calculated using dynamic flux bal-

ance analysis (FBA) [113] with an enzymatic constraint functioning as a limit on the
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total flux through the network [100]. The effects of the FBA solution are applied
to the spatial environment and then recalculated each timestep, creating a spatial
dynamic FBA.

We identify the two narrow ends of the rectangle with the proximal and distal ends
of the colon. In each timestep metabolites both mix and flow from the proximal to the
distal end. Bacterial populations are mixed, but do not flow distally as metabolites
do.

At the start of each run, we initialize the system with a large number of small pop-
ulations. We let these perform their metabolism each timestep. They take metabo-
lites from the environment, and deposit the resulting products. We let the popula-
tions grow and divide according to their energy output. Both the initial placement
locations and movement of the populations is random, introducing stochasticity in
the model. The system develops differently depending on initial conditions, into a

diverse and complex ecosystem.

2.4.1 Species composition

Each population is represented by a GEM of a species. 15 different metabolic mod-
els are used in our spatially explicit model (Table 2.1), selected based on previous
research [139]. From this list of genera, the most prevalent species within that genus
in the vaginally born newborn data set from Béckhed et al. was used [3]. One group
from the list could only be determined at the family level - Lachnospiraceae. Ru-
minococcus gnavus was chosen to represent this group, based on its high prevalence
among this group and the prior inclusion of species from the Blautia and Dorea gen-
era [43]. Because the genus Bifidobacterium is known to be particularly diverse [164],
we represented it with models of three different strains. All models are based on the
GEMs created by Magnusdottir et al. in the AGORA collection [10].

2.4.2 Changes from AGORA

We use updated versions of the AGORA GEMs [165], to which we have applied checks
and modifications. Firstly, the objective function was changed from the biomass
reaction included in the models to a reaction only requiring ATP production. As
this reaction yields only ADP and Pj, it is mass-neutral. This allows us to focus on
carbon dissimilation within the GEMs, and the differences in underlying metabolism.

ATP yield has been a good proxy for biomass production in previous studies [166].
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Focusing on carbon dissimilation means we can leave all unknown uptake bounds
at 0, instead of using an arbitrary or randomized level, as in some other studies
[123, 131].

We also checked the metabolic networks for reactions that allow for the occur-
rence of unrealistic FBA solutions, and we have added additional reactions. In the
Bifidobacterium models the ATP synthase reaction was made reversible. This allows
it to function as a proton pump, which Bifidobacterium species use to maintain their
internal pH [167]. Lactose permease reactions were added to all Bifidobacterium
species in the model [168] based on those available in other models in the AGORA
collection [10]. Combined with the existing reactions in the model and the metabolic
constraints this leads to a set of reactions simulating a realistic bifid shunt yield,
when substrate is abundant, of 5 mol ATP, 2 mol lactate and 3 mol acetate per mol
of lactose[90, 169]. Lactose permease was also added to Streptococcus salivarius and
Ruminococcus gnavus to bring them in line with existing literature on their in wvitro
behavior [170, 171]. Veillonella dispar is the only species in the model that does not
have any lactose uptake [95]. A complete list of changes is presented in S1 Table.

2.4.3 Checking the validity of the GEMs

After the changes in S1 Table were applied all GEMs used in the model were tested
individually to ensure that they could grow on a substrate of lactose. Only Veillonella
did not pass this test, which is consistent with in vitro observations [95]. Veillonella
did pass when lactate, a common infant gut metabolite, was used instead. We also
tested all GEMs individually for spurious growth in absence of substrates. To this
end, all uptake bounds except water were set to 0. None of the GEMs grew un-
der these conditions. All models were tested for having a net neutral exchange of
hydrogen, carbon, oxygen and nitrogen at each timestep of the model during the sim-
ulations. There should be no net change in the number of atoms in the medium due
to the calculated fluxes, because the reaction we set as an objective function does not
remove any atoms, and there are no other sinks in the simulations. In the present
simulation, only water, oxygen, and lactose are introduced into the simulation, so
no other atoms than these three are considered. The tests revealed two errors in
glycogen metabolism in several GEMs in AGORA that resulted in a energetically-
favorable removal of intracellular protons from the system. We corrected these GEMs

by replacing the reactions responsible for this erroneous energy source (S1 Table).
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With the corrections we applied to the model, these tests always passed - allowing
for rounding errors of less than 1-10~® pmol per FBA solution.

The thermodynamic correctness of all reactions was checked by calculating the net
difference in Gibbs free energy between input and output metabolites, using a pre-
existing dataset of thermodynamic source data [172, 173|. The conditions assumed
for the calculation of the Gibbs free energy were a pH of 7 and an ionic strength of
0.1M [172]. This was recorded for each population at each timestep over the course
of a full run of 10080 timesteps. 99.999% of all FBA solutions in the simulations
of Fig. 2.3 passed the test by containing less free energy than the associated inputs.
The remaining 0.0001% all had an amount of energy in the outputs equal to that
of the inputs. All of these solutions had very low growth rates, less than 0.001% of
the average growth rate. The sum of these growth rates over 30 simulations was less

than 0.05 of an initial population, totalling 2 - 10 bacteria.

2.4.4 FBA with enzymatic constraint

Each timestep of the model, a modified version of flux balance analysis with an
enzymatic constraint is used by each population to determine what reactions it should
use to achieve the most biomass production from the metabolites available to it
[13, 100]. First, each GEM is converted to a stoichiometric matrix S. All reversible
reactions are converted to two irreversible reactions, so that flux is always greater
than or equal to 0. All reactions identified as exchange, sink, or demand in the
metabolic reconstruction are marked as exchange in the matrix. These reactions
exchange nutrients or metabolites with the environment. Each timestep, all reactions

are assumed to be in internal steady state [13]:

S-f=0 (2.1)

Where f is a vector of the metabolic fluxes through each reaction in the network
(in mol per time unit per population unit).

Each exchange reaction that takes up metabolites from the environment (Fj,(m))
is constrained by an upper bound F,,(m) which represents the limited availability of
most nutrients from the environment:

-

F-i}n < I'ub (22)
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Where F_;n is a vector of fluxes between the environment and the bacterial pop-

ulation (in mol per time unit per population unit). F, is set dynamically at each

timestep ¢ by the spatial environment (discussed in detail below) at each lattice site
X: 2E0)
- c(x,t

Fup(%,1) = —= 2.3

Mb( ) B(x, t) ( )

Where ¢ is a vector of all metabolite concentrations in mol per lattice site, X is
a vector of all lattice sites and B(X) is the size of the local bacterial population in
population units. Population units are continuous, the size of B can range from 5-107
to 2-10'0, or 4 - 10'° when division is not possible.

There is an additional constraint on the total flux. This constraint represents
the limited amount of metabolism that can be performed per cell in each timestep.
Each cell can only contain a limited number of enzymes, and each enzyme can only
perform a limited number of reactions in limited time. Not limiting flux would lead
to an unrealistic situation. The enzymatic constraint uses the sum of all fluxes f ,

not just those that exchange with the environment:

Mf<a (2.4)

The enzymatic constraint a is in mol per time unit per population unit (Table
2.3). As both f and a are per population unit, this limit scales with population size,
allowing each bacterium to contribute equally and independently to the metabolic
flux attained in a lattice site. The enzymatic constraint is included as a constraint
on each local FBA solution separately at each timestep. The enzymatic constraint
was first proposed in a metabolic modelling context in 1990 [100], adapted from the
study of other capacitated flow networks. In our context the enzymatic constraint
represents the limited availability of physical space for enzymes. Our method is
similar to FBA with molecular crowding in that we use an additional constraint to
model metabolic capacity [133]. However, we do not utilize the necessarily reaction-
specific crowding coefficients.

FBA then identifies the solution space that adheres to these constraints and from
this spaces identifies the solution that optimizes the objective function. The set of
solutions consists of a set of exchange fluxes F(¥,1), and a growth rate g(%,1). These
exchange fluxes are taken as the derivatives of a set of partial-differential equations
to model the transport of intermediary metabolites (see below). The size of the

population increases in proportion to the growth rate produced by the solution.
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2.4.5 Environmental metabolites

We modeled a set of 723 extracellular metabolites - the union of all metabolites
that can be exchanged with the environment by at least one GEM in the model. In
practice, only a fraction of the metabolites occur in any exchange reaction that has
flux over it, and only 17 metabolites are ever present in the medium in more than
micromolar amounts in our simulations outside of the sensitivity analysis (Table 2.2).
Though the model distinguishes between L-lactate and D-lactate, we display them
together in our figures. Nearly all lactate produced and consumed in our model is
L-lactate.

Table 2.2: Extracellular metabolites present in the model in more than micromolar
amounts. BiGG IDs from [10]

Common name BiGG ID
Acetate ac
Alpha-Ketoglutaric acid  akg
Carbon dioxide co2
Ethanol etoh
Formate for
Hexadecanoate hdca
Hydrogen h2
L-Lactate lac_ L
D-Lactate lac_D
Lactose lcts
Octadecanoate ocdca
Oxygen 02
Propionate ppa
Proton h
Succinate succ
Tetradecanoate ttdca
Water h2o0

To mimic advection, the complete metabolic contents of the lattice except oxygen
are moved towards the distal end by 2mm (one lattice site with the default param-
eters) per timestep, i.e. once every 3 simulated minutes. This leads to an average
transit time of approximately 11 hours, in agreement with the observed cecum to
rectum transit time in newborns [141, 142]. Metabolites moving out of the distal end
are removed entirely and analysed separately (see Section ‘¢ Analysis’ for detail).

Every timestep all metabolites diffuse to the four nearest neighbours NB(X) at an
equal rate for all metabolites (Table 2.3). We used a baseline of 4.4 - 107™° cm? /s to

represent mixing of metabolites, which is an order of magnitude higher than normal
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diffusion for common metabolites [174] to represent active mixing due to colonic
contractions. Metabolites are also added and removed by bacterial populations as a

result of the FBA solutions, yielding

— Fou(R0)BE1) = Fu(B0BED) + 23 3 (5(?,;) ~ &, t)) . (2.5)
ieNB(X)

Where F,,; is a vector of fluxes from the bacterial populations to the environment,
in mol per time unit per population unit.

All lattice sites initially contain water as their only metabolite, except for the
conditions where oxygen is added. Metabolites representing the food intake are
inserted into the first six columns of lattice sites every three hours (60 timesteps) to
approximate a realistic interval for neonates [175]. In the current model this food
intake consists solely of lactose, in a concentration in line with human milk [66],
assuming 98% host uptake of carbohydrates before reaching the colon, a commonly
used assumption [131]. Water is provided as a metabolite in unlimited quantities.
Oxygen is placed evenly distributed or at the upper and lower boundaries in some
simulations. No other metabolites are available, other than those produced as a result

of bacterial metabolism within the model.

2.4.6 Population dynamics

Each local population solves the FBA problem based on its own GEM, an enzy-
matic constraint a, its current population size B(¥, ) and the local concentrations of
metabolites ¢(¢) at each timestep, and applies the outcome to the environment (see

above) and its own population size, as follows:

% = B(¥,1)- §(%.1) (2.6)

Populations at least 200 times the initial size (Table 2.3) will create a new popu-
lation in one empty adjacent lattice site, if possible. Half of the old population size is
transferred to the new population, in such a way that the total size is preserved. To
mimic colonization events new populations are introduced at random into empty lat-
tice sites during the simulation, representing both dormant bacteria from intestinal

crypts [143] and small bacterial populations that are formed from ingested bacteria,
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which may only become active after having diffused far into the gut. Each empty
lattice has a probability of 0.00005 (Table 2.3) each step to acquire a new population

of a randomly selected species, as follows:

for site € latticesites do
if site == empty then
if randomnumber < placement probability then

Place metabolic network of random species at site

The probability is scaled by ”%, with n the scaling factor of Ax, the side length of a
lattice site. There is an equal probability for any species in the model to be selected.
As we consider these new populations to be new colonizers we initialize them at
the same population size B as the initial populations in the model (Table 2.3). Each
population dies out at a probability of 0.0075 per timestep, creating a turnover within

the range of estimated microbial turnover rates in the mouse microbiota [72].

To mimic the mixing of bacterial populations, the lattice sites swap population
contents each timestep. We use the following algorithm, inspired by Kawasaki dy-
namics [176], as also used previously for bacterial mixing [122, 177]: In random order,
the content of each site, i.e., the bacterial population represented by its size and the
GEM but not the metabolites, are swapped with a site randomly selected from the set
consisting of the site itself and the first and second order neighbours. This swap only
occurs if both the origin and destination site have not already swapped. Bacterial
populations at the most distal column, i.e. at the exit of the colon, are deleted from
the system. With this mixing method the diffusion constant of the bacterial popu-
lations becomes 5.7 - 107 ecm? /s (Table 2.3). In the simulations that use a finer or a
coarser grid (Fig. 2.6D) the number of swaps is scaled as n%, with n the scaling factor
of Ax, the side length of a lattice site, thus maintaining the same diffusion rate. For
n < 1 all sites are marked as unswapped once all sites have attempted a swap. This
allows for sites to swap multiple times. The same approach was used to change the
bacterial diffusion rate in the sensitivity analysis (Fig. 2.6F). To achieve full mixing
all bacteria were assigned random non-overlapping locations at every timestep. Note
that the diffusion rate of bacterial populations with the default parameters (Table
2.3) is 1.3 times higher than that of the metabolites. As shown by the sensitivity
analysis (Fig. 2.6F) this has little effect on the results.
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2.4.7 Initial conditions

The simulation is initialized by placing a number of very small populations (B) of
the various species randomly across different lattice sites of the environment (Table
2.3). There is a probability of 0.3 for each lattice site to acquire a population, an
average of 540 for our lattice. The size of initial populations is scaled to be roughly
equivalent to a plausible initial total load of approximately 3-10'°[5], assuming a total
colon volume of approximately 90 ml. As there is little information on the relative
abundance of species in the very early infant gut, we place all species with equal
probability. In initially oxygenated conditions, oxygen is also placed as a metabolite
now. Water is always considered to be present everywhere. No other metabolites are
initially present except for the first feeding.

The ratio of population to bacterial abundance was chosen as a balance between
a high bacterial resolution and computational complexity, as the FBA solution of
each population is calculated independently per timestep. This resolution splits the
infant microbiota into approximately 1-600 units (depending on conditions), allowing
for the presence of species at relatively low abundances, and spatial variation. There
is no hard limit on the number of populations in the model - it is limited only by the

balance between growth (through consumption) and death.

2.4.8 Analysis

At each timestep we record the location and exchange fluxes F (%, ) of major metabo-
lites as well as the size B(¥,7) and species of all populations. This is used to analyze
both population composition and metabolic fluxes over time and space. In addition,
each timestep we record the location and quantity ¢(X, ¢) of all metabolites present in
more than micromolar quantities. We also record this metabolite data for all metabo-
lites exiting the system at the distal side. This is considered the closest equivalent
to a fecal composition in the model, and these results are compared to data from in
vivo fecal samples.

To detect any irregularities, we also record the net carbon, hydrogen, and oxygen
flux of every population and the system as a whole. The difference in Gibbs free
energy per timestep is also recorded per for each population per FBA solution, and
seperately over the whole system. Estimated Gibbs free energy is derived from the
Equillibrator database [173]. Energy loss [ in joules per timestep per population unit

is recorded as follows, where m are metabolites, F is the exchange fluxes in mol per
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population unit, B is the population size and E contains the Gibbs free energy in

joules per mol for each metabolite,

l=>F(m)-E(m) (2.7)

m

For specific simulations, reactions are removed from the models. This is performed
by deleting some reactions from the GEM before the conversion to the stoichiometric
matrix. To remove Fructose-6-phosphate phosphoketolase, we removed the reactions
R PKL and R_F6PE4PL. For other simulations, the uptake of certain metabolites
is disabled. This is done by placing the upper flux bound F,p of the relevant exchange

reaction at 0 for the relevant populations.

Table 2.3: Default parameters of the model

Parameter Value Unit

Timestep 180 seconds

Lattice site side length (Ax) 2 millimetre

Width of the lattice 225 lattice sites

Height of the lattice 8 lattice sites

Colon transit time 11 hours

Average number of initial populations 540 -

Initial size per population 5-107 number of bacteria

Population size required for division 1-1010 number of bacteria

Death probability 0.0075 per timestep per population
Enzymatic constraint 2 pmol flux per timestep per 1- 1010 bacteria
New species placement probability 0.00005 per timestep per empty lattice site
Diffusion of metabolites 4.4-107° cm?/s

Diffusion of populations 5.7-107°  cm?/s

Growth per pmol ATP 1-10° number of bacteria

Lactose input 211 pmol per three hours

2.4.9 Parameters

Relevant parameters are listed in Table 2.3. Based on measurements of the typical
length and diameter of the infant colon [135, 136] we estimated a volume of 90 ml.
Combined with the average abundance per ml of around 100 after the first days [5],
this leads to a very rough estimate of 10'? bacteria in the young infant colon. To
remain computationally feasible, while still modelling at a high resolution, we divide
this population into units of at most 1-10'°. Local populations at or above this limit

will divide into two equally sized populations when space is available. This prevents
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the local population from becoming unrealistically high. Local populations of more
than 2-10'°, which can only form if no space is available to divide for a longer time
period, cease metabolism.

The lactose input is estimated from the known intake of milk, its lactose concen-
tration, and an estimate of pre-colonic lactose absorption of 98% [178, 131]. Little
data is available on the growth rate of bacteria within the human colon. Growth
rates are expected to be much lower than those found in in vitro cultures of in-
dividual species [179]. In absence of precise data for infants, here we use a death
probability that places the replacement rate within the range of estimated doubling
times of the whole gut microbiota in mice [72]. The colonic transit time is based
on data for total transit time gathered with carmine red dye [141], adjusted for the
mouth to cecum transit time [142]. The timestep interval was set at three minutes,
to be able to capture individual feedings at a high resolution. Other parameters were
selected to reach plausible outcomes on a metabolic and species level while maintain-
ing computational feasibility. We do not expect the parameters to match precisely

with in vivo values, if these were measured.

2.4.10 Implementation

The model was implemented in C++11. Our code was based on code used earlier
to model the gut microbiota [122]. Random numbers are generated with Knuth’s
subtractive random number generator algorithm. Diffusion of metabolites was im-
plemented using the Forward Euler method. The GEMs are loaded using 1libSBML
5.18.0 for C++. We used the GNU Linear Programming Kit 4.65 (GLPK) as a lin-
ear programming tool to solve each FBA with enzymatic constraint problem. We
used the May 2019 update of AGORA, the latest at time of writing, from the Vir-
tual Metabolic Human Project website (vmh.life). Python 3.6 was used to extract
thermodynamic data from the eQuilibrator API (December 2018 update) [173] and
determine mean square displacement of our bacterial diffusion. Model screenshots are
made using the libpngl6 and pngwriter libraries. Other visualisations and statistical

analysis were performed with R 4.1.2 and Google Sheets.

2.4.11 Data availability

The code used for the model is available from GitHub at
https://github.com/DMvers/IGMOST. The data files used for the model are available
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from GitHub at https://github.com/DMvers/IGMOSTdatafiles.

2.5 Supplemental material

Available from https://journals.asm.org/doi/full/10.1128/msystems.00446-22

S1 Table

Table of changed or deleted reactions and annotations.csv
A table of changes made to the AGORA models as a .csv file.

S2 Table

Table of reactions used by Bifidobacterium longum infantis in model depending on
lactose concentration

A table containing the flux through each reaction with more than nanomolar flux
for Bifidobacterium longum infantis populations of 5 - 10° bacteria with access to
one lattice site (0.05ml). Water was unlimited, no other metabolites were present.

Lactose was present at 0.05, 0.35, or 0.5 pmol per ml.

S1 Video

Video of a run with no initial oxygen, consisting of a visualisation of the distribution of
bacterial species and major metabolites, and a visualisation displaying fluxes between
population and metabolite pools. Line width and intensity are proportional to the
amount exchanged with the environment over the last 60 timesteps, with a threshold
of 0.5 pmol, with no normalization. Metabolite circle size is relative to the most

abundant metabolite, with a minimum displayed size of 26 pixels.

S2 Video

Visualisations, from left to right, of a run from Fig. 2.4A, a run from Fig. 2.4B, and
a run from Fig. 2.4F, displaying population and metabolite pool sizes, and fluxes
between populations and metabolites. Line width and intensity are proportional
to the amount exchanged with the environment over the last 60 timesteps, with a
threshold of 0.5 pmol, with no normalization. Metabolite circle size is relative to the

most abundant metabolite, with a minimum displayed size of 26 pixels.
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S3 Video

Video of a run with an initial 0.1 pmol of oxygen per lattice site, consisting of a
visualisation of the distribution of bacterial species and major metabolites, and a
visualisation displaying fluxes between population and metabolite pools. Line width
and intensity are proportional to the amount exchanged with the environment over
the last 60 timesteps, with a threshold of 0.5 pmol, with no normalization. Metabolite
circle size is relative to the most abundant metabolite, with a minimum displayed

size of 26 pixels.

S4 Video

Visualisations, from left to right, of a run from Fig. 2.5 D, a run from Fig. 2.5 H, and
a run from Fig. 2.6 A without the enzymatic constraint, displaying population and
metabolite pool sizes, and fluxes between populations and metabolites. Line width
and intensity are proportional to the amount exchanged with the environment over
the last 60 timesteps, with a threshold of 0.5 pmol, with no normalization. Metabolite
circle size is relative to the most abundant metabolite, with a minimum displayed

size of 26 pixels.
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S1 Figure

(A to C) Flux per timestep through the core carbon metabolism of a B. longum subsp.
infantis population of 5 x 10° bacteria with access to one lattice site (0.05 ml) using
our FBA with enzymatic constraint method. Line width indicates magnitude of flux,
normalised for lactose uptake. Blue circles indicate extracellular metabolites, orange
circles intracellular metabolites, and green rectangles indicate reactions. Transport
reactions and cofactors are not depicted. All abbreviations are from [10]. Lactose

concentration was (A) 0.05 umol per ml (B) 0.35 umol per ml (C) 0.5 umol per ml.
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lattice site (0.05ml) of some major bacterial species with the enzymatic constraint disabled
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shows mean value and shaded area one standard deviation over n=30 simulations.
(B,C) Spatial distribution of (B) lactose and (C) acetate over the last two days (960
timesteps) of the simulation. Curve shows mean value and shaded area one standard
deviation over n=30 simulations. (D) Populations over time with lactate uptake
disabled for Bifidobacterium species. Abundances for grouped species over 21 days.
One day is 480 timesteps. Curve shows mean value and shaded area one standard
deviation over n=30 simulations. (E) Distribution of metabolites exiting the system
distally over the last two days (960 timesteps) of the simulation in D. n=30. (F)
Populations over time with lactate production disabled for Bifidobacterium species.
Abundances for grouped species over 21 days. One day is 480 timesteps. Curve

shows mean value and shaded area one standard deviation over n—30 simulations.
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S4 Figure

(A,B,C,D) Populations over time with (A) 0.001 (B) 0.01 (C) 0.1 (D) 1 pmol oxy-
gen released in total per step divided over the top and bottom rows. Abundances
for grouped species over 21 days. One day is 480 timesteps. Curve shows mean
value and shaded area one standard deviation over n=30 simulations per condition.
(E) Populations over time with 1 pmol oxygen released per step initially (as in D),
decreasing to 0 at step 5040. Abundances for grouped species over 21 days. One
day is 480 timesteps. Curve shows mean value and shaded area one standard devia-
tion over n=30 simulations per condition. (F') Distribution of total Bifidobacterium
abundance at 21 days (10080 timesteps) corresponding to the simulations of E (G)
Growth on unlimited lactose per timestep by oxygen concentration for populations of
5-10% bacteria with access to one lattice site (0.05ml) of some major bacterial species
(H) Production of metabolites by lactose concentration in the presence of abundant
oxygen for an E. coli population of 5-10° bacteria with access to one lattice site
(0.05ml) (I) Production of metabolites by lactose concentration in the presence of
abundant oxygen for an E. cloacea population of 5 - 109 bacteria with access to one
lattice site (0.05ml) (J) Production of metabolites by glucose concentration in the
presence of abundant oxygen for an E. coli population of 5-10° bacteria with access
to one lattice site (0.05ml) (K) Populations over time with K. pneumoniae instead of
E. coli and 0.1 pmol initial oxygen per lattice site. Abundances for grouped species.
One day is 480 timesteps. Curve shows mean value and shaded area one standard
deviation over n=30 simulations. (L) Populations over time with K. pneumoniae in
addition to the 15 species from table 2.1, and 0.1 pmol initial oxygen per lattice site.
Abundances for grouped species. One day is 480 timesteps. Curve shows mean value

and shaded area one standard deviation over n—=30 simulations.
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S5 Figure

(A) Populations over time with new populations after the initial populations only
placed in the first column, with the placement probability (Table 2.3) increased to
0.01125. Abundances for grouped species over 21 days. One day is 480 timesteps.
Curve shows mean value and shaded area one standard deviation over n=30 sim-
ulations. (B,C,D) Spatial distribution of lactose, lactate, and acetate, respectively,
over the last two days (960 timesteps) of the simulation with a larger lattice. Curve
shows mean value and shaded area one standard deviation over n=30 simulations.
(E) Abundance per location for grouped species over the last two days (960 timesteps)
of the simulations with a larger lattice. Curve shows mean value and shaded area one
standard deviation over n=30 simulations. (F,G,H) Spatial distribution of lactose,
lactate, and acetate, respectively, over the last two days (960 timesteps) of the simu-
lation with a smaller lattice. Curve shows mean value and shaded area one standard
deviation over n=30 simulations. (I) Abundance per location for grouped species over
the last two days (960 timesteps) of the simulations with a smaller lattice. Curve
shows mean value and shaded area one standard deviation over n=30 simulations.
(J) Distribution of metabolites exiting the system distally over the last two days (960
timesteps) of the simulation with diffusion of metabolites increased by a factor of 5.
n=30.
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Abstract

A reduced capacity for butyrate production by the early infant gut microbiota is
associated with negative health effects, such as inflammation and the development
of allergies. Here we develop new hypotheses on the effect of the prebiotic galacto-
oligosaccharides (GOS) or 2’-fucosyllactose (2’-FL) on butyrate production by the in-
fant gut microbiota using a multiscale, spatiotemporal mathematical model of the in-
fant gut. The model simulates a community of cross-feeding gut bacteria at metabolic
detail. It represents the gut microbiome as a grid of bacterial populations that ex-
change intermediary metabolites, using 20 different subspecies-specific metabolic net-
works taken from the AGORA database. The simulations predict that both GOS
and 2’-FL promote the growth of Bifidobacterium, whereas butyrate producing bac-
teria are only consistently abundant in the presence of propane-1,2-diol, a product
of 2-FL metabolism. The results suggest that in absence of prebiotics or in pres-
ence of only GOS, bacterial species, including Cutibacterium acnes and Bacteroides
vulgatus, outcompete butyrate producers by feeding on intermediary metabolites.
In presence of 2’-FL, however, production of propane-1,2-diol specifically supports

butyrate producers.

68



Chapter 3. 2’-Fucosyllactose helps butyrate producers outgrow
competitors in infant gut microbiota simulations

3.1 Introduction

Infants develop a complex microbiota shortly after birth, which is important for
healthy growth and development [180]. Here we focus on butyrate, a short-chain fatty
acid (SCFA) that is produced in significant amounts by the gut bacteria [25] and is
absorbed by the gut colonocytes. Production of butyrate by the microbiota has been
suggested to improve the health of infants in a number of ways. Firstly, butyrate
in the gut is a key energy source for the gut epithelium, making it important for
maintaining the gut barrier function [181]. A breakdown of the gut barrier function
due to a lack of butyrate is associated with diseases such as inflammatory bowel
disease and rectal cancer [181, 182]. Butyrate production in young infants specifically
is associated with a reduced risk of allergies and allergy-associated atopic eczema
[21, 22, 23|. Infant butyrate producing bacteria provide protection against food
allergies when transplanted into a mouse model [183], suggesting causality. Butyrate
production is also associated with a reduced risk of colic in infants [24]. Butyrate
also modulates the immune system throughout the body, inhibiting inflammation and
carcinogenesis [184|. These data suggest it may be desirable to stimulate butyrate
production in the infant gut. Using mechanistic computational modeling, here we
investigate how stimulation of butyrate producing bacteria may be achieved in the

early infant gut microbiota through supplementation with prebiotics.

Microbiota composition and metabolism are influenced by endogenous factors,
e.g., gut maturity and inflammation, and exogenous factors, e.g., nutrition, probi-
otics, and antibiotics. Here we focus on nutrition, which is the primary exogenous
factor. Human milk and many infant formulas contain prebiotics such as galacto-
oligosaccharides (GOS) and 2’-fucosyllactose (2’-FL), which influence the composi-
tion of the gut microbiota and are associated with beneficial health effects for the
infant, such as a decreased risk to require antibiotics [53] and reduced manifestation
of allergies [185, 186, 187]. It has been hypothesized that some of the health effects
associated with prebiotics may be linked to indirect stimulation of butyrate produc-
ing bacteria [188, 23]. Thus, both the capacity for butyrate production [21, 23],
and prebiotics in nutrition by itself, particularly 2’-FL, have been linked to reduced
manifestations of allergies [185, 186, 187].

Butyrate producing bacteria such as Anaerobutyricum hallii cannot directly con-
sume GOS or 2-FL, but they can consume metabolites of GOS or 2’-FL digestion
[82]. The primary consumers of GOS and 2’-FL in the infant gut are Bifidobac-
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terium spp.[64, 63]. Metabolites produced by Bifidobacterium spp., in turn, become
important food sources for butyrate producing bacteria. For example, in vitro it has
been found that the butyrate producing bacterium A. hallii (formerly Eubacterium
hallii [189]) can feed on lactate and propane-1,2-diol (1,2-PD), which are metabolites
of Bifidobacterium spp. [82]. A. hallii can also coexist with Bifidobacterium longum
ssp. infantis in vitro on a substrate of glucose or 2’-FL [82].

Despite these in vitro findings that demonstrate potential coexistence of Bifi-
dobacterium spp. and butyrate producing bacteria, in vivo, i.e. in the infant gut
microbiota, butyrate producing bacteria often only have a low abundance and bu-
tyrate is found in the feces of only 35% of infants [20]. It is unclear why butyrate
producing bacteria and butyrate are not commonly abundant in wvivo, given that in
vitro cross-feeding on lactate occurs readily [82], and that lactate-producing Bifi-
dobacterium species are abundant in the gut of most infants [3, 31]. Using compu-
tational modeling we explore the conditions that may stimulate butyrate producing
bacteria in vivo in the infant gut. To this end we will compare simulations of sim-
ple microbial communities, such as those studied in vitro, with simulations of more
complex communities that may more closely resemble the in vivo situation.

Briefly, the computational model suggests that in simple microbial communi-
ties, populations of butyrate producing bacteria can cross-feed on Bifidobacterium
metabolites. However, in more complex communities the intermediary metabolites
are consumed by competitors instead of butyrate producing bacteria. In the pres-
ence of 2’-FL, populations of butyrate producing bacteria are nevertheless supported.
The mechanism suggested by our simulations is that Bifidobacterium produces 1,2-
PD from 2’-FL, which specifically feeds butyrate producing species, allowing these to
outgrow competing cross-feeders. We provide predictions for interactions in in vivo

and in vitro systems and suggestions for in vitro verification of these predictions.

3.2 Results

3.2.1 Model outline

To develop new hypotheses on how oligosaccharides can stimulate the production of
butyrate, we further develop a multiscale metabolic model (Fig. 3.1A & B) of the
carbon metabolism of the infant gut microbiota [103]. The computational model

is based upon our earlier models of the adult and infant microbiota [122, 103]. In
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comparison with these previous models, the present model simulates a larger number
of small bacterial populations, using a larger, more diverse, and further curated set
of metabolic models of gut bacteria from the AGORA database [101]. In particu-
lar, we have included the butyrate producers A. hallii, Roseburia inulinivorans and
Clostridium butyricum and the digestion of the prebiotic oligosaccharides GOS and
2’-FL by Bifidobacterium longum ssp. infantis. The complete community model in-
tegrates these predictions of metabolism over space and time to create a multiscale
model that covers the development and variation of the infant gut microbiota over
the first three weeks of life. Other multiscale metabolic modelling techniques have
been used previously to model the adult human microbiota in frameworks such as
SteadyCom and Comets [131, 132]. The model presented here distinguishes itself
from these frameworks by its focus on the infant gut microbiota, by including factors

such as prebiotics and the initial presence of oxygen at birth.

Briefly, the spatial model simulates the ecology of an intestinal microbial ecosys-
tem, and features genome-scale metabolic models (GEMs) of intestinal bacteria, spa-
tial structuring, exchange of extracellular metabolites, and population dynamics.
The system is simulated on a regular square lattice of 225 X 8 boxes of 2 X 2 mm,
representing a typical infant colon of 45 x 1.6 cm. Each box contains a simulated
metapopulation of one of 20 bacterial species commonly present in the infant gut [3]
(Table 3.1), and concentrations of simulated nutrients and metabolites such as ex-
tracellular oligosaccharides and short-chain fatty acids. Based on the concentrations
of metabolites, the systems predicts the growth rate for each metapopulation as well
as the uptake and excretion rates of metabolites using a GEM taken from AGORA
[10], a database of metabolic networks of intestinal bacteria. The system is initialised
by distributing, on average, 540 populations over the system at random. Oxygen is
introduced during initialisation, and water is always available.

After initialisation, the model is simulated in timesteps representing three min-
utes of real time. Each timestep of the simulation proceeds as follows. Every 3 hours
(i.e., 60 timesteps), a mixture of simulated lactose and/or oligosaccharides is added
to the leftmost six columns of lattice sites. Then, each step, the model predicts the
metabolism of each local population using flux balance analysis (FBA) based on the
metabolites present in the local lattice site, the GEM of the species, and the enzy-
matic constraint. The enzymatic constraint limits the total amount of metabolism
that can be performed by each local population per timestep by limiting the maxi-

mum summed flux for each FBA solution. The enzymatic constraint is determined
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by the local population size. This approach allows us to model metabolic switches
and trade-offs [100, 103]. The FBA solution includes a set of influx rates and efflux
rates of metabolites that are used to update the environmental metabolite concen-
trations. The local populations are assumed to grow at a rate linearly proportional
to the rate of ATP production|[140]|, which is predicted by FBA by optimizing for
ATP production rates. Populations may create a new population in a neighbouring
lattice site if the local population is 200 times the initial size (Fig. 3.1A-1). Popula-
tions of more than 400 times the local size, which can only form when density if so
high new populations cannot be created, stop metabolism to represent quiescence.
Populations spread at random into adjacent lattice sites (Fig. 3.1A-2); metabolites
diffuse and advect towards the back of the tube (Fig. 3.1A-3&4). To mimic excretion,
metabolites and populations are deleted from the most distal column each timestep.
To represent bacterial colonisation, new populations of randomly selected species are
introduced into empty lattice sites at a small probability. All parameters are given

in table 3.2. Details of the model are given in section Methods.

Table 3.1: Species and subspecies included in the model. color indicates color used in
figures.

Name Phylum Anaerobic status per [101] | Butyrate producing
Actinomycetota Obligate anaerobe no
Actinomycetota Obligate anaerobe no
Actinomycetota Obligate anaerobe no
Actinomycetota Facultative anaerobe no
Actinomycetota Microaerophile no
Actinomycetota Nanaerobe no
Streptococcus oralis Bacillota Facultative anaerobe no
Staphylococcus epidermidis Bacillota Facultative anaerobe no
Gemella morbillorum Bacillota Facultative anaerobe no
Enterococcus faecalis Bacillota Facultative anaerobe no
Lactobacillus gasseri Bacillota Facultative anaerobe no
Bacillota Obligate anaerobe no
Bacillota Obligate anaerobe no
Anaerobutyricum hallii Bacillota Obligate anaerobe yes
Roseburia inulinivorans Bacillota Obligate anaerobe yes
Clostridium butyricum Bacillota Obligate anaerobe yes
Bacteroidota Nanaerobe no
Bacteroidota Nanaerobe no
Pseudomonadota | Aerobe no
Pseudomonadota | Facultative anaerobe no
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Figure 3.1: Model predicts coexistence of Bifidobacterium and butyrate pro-
ducing bacteria in absence of competition

(A) Schematic of the model. Circles represent bacterial populations, color represents species.
Flow through the tube is from left (proximal) to right (distal). Nutrients entered the system
proximally. All metabolites leave the system distally. Lattice dimensions are schematic.
(B) Screenshots of the model at a single time point, showing, from top to bottom, the bac-
terial layer, lactose, lactate, and acetate. Brightness indicates growth in the bacterial layer,
and concentration in the metabolic layers.

(C,D) Abundance of (C) Bifidobacterium spp., (D) butyrate producing bacteria, at the end
of 21 days for 30 sets of simulations with no prebiotics, no prebiotics and additional lactose,
with GOS, or with 2’-FL at the end of 21 days. n=30 for each condition, each simulation is
represented by one dot.
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3.2.2 Model with simplified consortium of species predicts co-
existence of butyrate producing bacteria and Bifidobac-

terium

We first simulated the model using a simplified consortium of species, the two Bi-
fidobacterium longum subspecies (table 3.1) and three butyrate producing species:
We

performed 30 simulations for each of four conditions, in which the following sugars

Anaerobutyricum hallii, Clostridium butyricum, and Roseburia inulinivorans.

were introduced every three simulated hours: (1) 211 pmol lactose and no prebiotics,
(2) 422 pmol lactose and no prebiotics, (3) 211 pmol lactose plus 211 pmol GOS,
and (4) 211 pmol lactose plus 211 pmol 2-FL. We estimated 211 pmol lactose to be
a realistic amount of lactose to reach the infant colon, given infant intake and small
intestinal uptake [66, 131]. As there is little absorption by the small intestine of pre-
biotics [190], the amount of prebiotics in the nutrition consumed by the infant would
be much smaller than the amount of lactose. We also include the 422 pmol lactose
condition to control for the possibility that effects in the conditions with prebiotics
are due the larger amount of sugar present conditions, instead of their type. The
condition with 422 pmol lactose does not correspond to an in vivo condition. We
analyzed the abundance of each species at the end of 10080 timesteps, representing 21
simulated days. In each of the four conditions Bifidobacterium bacteria (Fig. 3.1C)
and butyrate producing bacteria coexisted (Fig. 3.1D), and, paradoxically, butyrate

Table 3.2: Parameters of the model

Parameter Value Unit

Lattice side length 2 mm

Width of lattice 225 lattice sites

Height of lattice 8 lattice sites

Timestep 180 seconds

Average number of initial populations 540 -

New population placement probability 0.00005 per timestep per empty lattice site
Population death probability 0.0075 per timestep per population

Initial size per population 5-107 no. of bacteria

Population size to create a new population | 1-101° no. of bacteria

Maximum population size 2.1010 no. of bacteria

ATP to grow one cell 1-1071 | mol

Enzymatic constraint 2 pmol flux per timestep per 11010 bacteria
Nutrient input 211 nmol per nutrient per 60 timesteps
Initial oxygen 0.1 pmol per lattice site

Metabolic advection 2 mm per timestep

Diffusion (metabolites and bacteria) 6.3-10° | square cm per second
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producing bacteria were reduced in presence of prebiotics.

3.2.3 In presence of competitors, model predicts coexistence
of butyrate producing bacteria and Bifidobacterium in

the presence of 2’FL but not in presence of GOS

We next examined the behaviour of the system in the presence of a more complex
consortium, consisting of all 20 species and subspecies listed in Table 3.1, simulat-
ing the same four conditions. The selection of these species is described in methods
section ’Species Composition’. In absence of prebiotics, regardless of the quantity
of lactose, the model predicted that Bifidobacterium, Bacteroides and FEscherichia
became the most abundant genera after three weeks (Fig. 3.2A, S1 Video), consis-
tent with in vivo observation [3, 31]. We also observed some abundance of Bacilli
in accordance with in vivo observations [3, 33, 31]. The higher quantity of lactose
resulted in a higher average abundance for all major groups. In absence of prebiotics,
butyrate producing bacteria achieved a combined abundance over 1 -10'° in only 4
of the 30 simulations with 211 pmol of lactose per 3 hours, and 6 of the 30 with 422
nmol of lactose (Fig. 3.2B). In the remaining simulations, the butyrate producing
bacteria remained almost absent, staying below 1-10'% bacteria. In the simulations
with GOS, Bifidobacterium was more abundant than in the condition without prebi-
otics (p<0.001,Fig. 3.2A) whereas the butyrate producing bacteria were not affected
(p=0.18) (Fig. 3.2B). With GOS, butyrate producing bacteria also had a combined
abundance of over 1-10'Y bacteria at the end of 13 of the 30 simulations (Fig. 3.2B).
Interestingly, in the condition with 2’-FL the abundance of butyrate producing bac-
teria was over 1-10'° bacteria at the end of 19 of 30 simulations (Fig. 3.2B), and the
butyrate producing species were more abundant (Fig. 3.2A, S2 Video) than in the
other conditions. Thus 2’-FL but not GOS stimulated butyrate producing bacteria
in the complex community. To test for any concentration-dependence or cross-talk
between 2’-FL and GOS we next performed sets of 30 simulations in presence of 211
pmol lactose and levels of 2”-FL and GOS varying between 21.1 pmol to 211 pmol
per three hours and combinations thereof (Fig. S1). The amount of 2’-FL (p=0.017,
Kruskal-Wallis rank sum test) but not that of GOS (p=0.658, Kruskal-Wallis rank
sum test) affected the abundance of butyrate producing bacteria, further supporting
the prediction that 2’-FL but not GOS stimulates butyrate producing bacteria in the

complex community.
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Figure 3.2: Unlike GOS, 2’-FL leads to stimulation of butyrate producing
bacteria through 1,2-PD in the full simulated microbiota

(A) Relative abundance of bacterial species in the condition with no prebiotics, no prebiotics and
additional lactose, with GOS, or with 2’-FL at the end of 21 days. n=30 for each condition, each
simulation is weighed equally. The key to the species in each group is in table 3.1.

(B) Abundance of butyrate producing bacteria at the end of 21 days for the four conditions of A.
n=30 for each condition. Each simulation is represented by one dot. p<0.001 for 2’-FL compared
to no prebiotics and no prebiotics with additional lactose. p=0.004 for 2’-FL compared to GOS.
(C,D,E) Visualisation of metabolic interactions in a sample simulation (C) without prebiotics (211
pmol lactose per three hours) (D) with GOS (DP3,DP4, and DP5 displayed separately) (E) with
2-FL. Line width is scaled with the flux per metabolite over the last 60 timesteps, multiplied by
the carbon content of the molecule, with a minimum threshold of 100 pmol atomic carbon. Data
from last 3 hours, step 10020 to 10080. Circles indicate nutrients.

(F) Abundance of butyrate producing bacteria with 2’FL at the end of 21 days. Uptake of lactose,
lactate, or 1,2-PD by butyrate producing bacteria is disabled in the ‘no lactose’, ‘no lactate’, and
‘no 1,2-PD’ conditions respectively. p=0.010,p<0.001,p<<0.001 for each disabled uptake compared
to the baseline, respectively n=30 for each condition. Each simulation is represented by one dot.
NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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In order to investigate why 2’-FL led to a more consistent abundance of butyrate
producing bacteria we analysed the metabolic interactions between bacterial species.
We visualised the network of metabolic fluxes between the bacteria using arrows
between species and metabolite pools in Fig. 3.2C-E. The resulting diagrams show
both primary consumption, i.e., uptake of nutrients such as lactose, GOS, and 2’-
FL, and cross-feeding, i.e., uptake of metabolites produced by other species. Sample
visualisations of the condition without prebiotics (211 nmol lactose) (Fig. 3.2C, S3
Video) and the condition with GOS (Fig. 3.2D) revealed co-occurrence of species
and cross-feeding, but no butyrate production. In these simulations the cross-feeding
metabolite lactate, which is a known substrate for butyrate producing bacteria [82],
was consumed by Bacteroides vulgatus and Cutibacterium acnes, respectively. Bu-
tyrate formation only occurred in the sample simulation with 2’-FL (Fig. 3.2E). Only
in presence of 2’-FL and not in the other conditions, was a flux of 1,2-PD directed
towards the butyrate producing species (Fig. 3.2E and S4 Video). We therefore
hypothesised that butyrate producing species may be more abundant in the model
simulations with 2’-FL, because 2’-FL digestion by Bifidobacterium produces 1,2-PD
as a cross-feeding substrate. 1,2-PD is a known Bifidobacterium metabolite from
2’-FL in wvitro [82]. To test this hypothesis, we performed new sets of simulations
with 2’-FL in which we blocked the uptake by butyrate producing bacteria of either
lactose, lactate, or 1,2-PD, i.e, the uptake of metabolites most consumed by bu-
tyrate producing bacteria was disabled. Indeed, blocking the uptake of any of these
metabolites led to a reduction of butyrate producing bacteria (Fig. 3.2F). Thus a
flux of lactose, lactate, but also 1,2-PD that is only produced in presence of 2’-FL,

was required for sustaining butyrate producing bacteria in our simulations.

We next turned to the model with the simplified consortium of species, the two
Bifidobacterium subspecies and three butyrate producing species, to test if uptake
of lactose, lactate and 1,2-PD was also required for butyrate producing bacteria to
become abundant with this consortium. After blocking the uptake of lactose, lactate,
or 1,2-PD by butyrate producing bacteria, the abundance of butyrate producing bac-
teria was reduced at the end of the simulations compared to the control (Fig. 3.3A).
Surprisingly, however, and in contrast to the complete system (Fig. 3.2F), butyrate
producing populations retained an abundance over 1 -10'? bacteria in respectively
27 and 30 of 30 simulations when lactose or 1,2-PD uptake was disabled. Thus nei-
ther lactose nor 1,2-PD were essential for butyrate producing bacteria. Altogether,

1,2-PD, and thus 2’-FL, was required for butyrate producing bacteria in the com-
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plex system, but not in the simplified system. Thus these model simulations suggest
that supplementation with 2’-FL introduces a flux of 1,2-PD from Bifidobacterium
spp- to butyrate producing bacteria that prevents competitive exclusion of butyrate

producers by competitors such as B. vulgatus (Fig. 3.2C) or C. acnes (Fig. 3.2D).

3.2.4  Bacterotdes vulgatus and Cutibacterium acnes are ef-

fective competitors on different substrates

In the 2’-FL condition butyrate producing bacteria fed on lactate and 1,2-PD (Fig. 3.2E).
In the conditions without 2’-FL no 1,2-PD was produced and lactate was consumed
by B. wvulgatus or C. acnes (Fig. 3.2C&D). This suggests that, in absence of 1,2-PD,
B. vulgatus and C. acnes outcompete the butyrate producing bacteria for lactate.
To investigate whether these species could indeed be responsible for outcompeting
butyrate producing bacteria we again turned to the model with the simplified consor-
tium and added the potential competitors B. vulgatus and C. acnes to the consortium
one by one. First we studied the simplified consortium in absence of prebiotics in
the conditions with 211 pmol and 422 pmol lactose per three hours. The abundance
of butyrate producing bacteria was reduced in presence of B. wvulgatus but not in
presence of C. acnes (Fig. 3.3B, 422 pumol visualized in Fig. S3). After blocking
lactose or lactate uptake by B. wvulgatus in the condition with 211 pmol lactose, the
abundance of butyrate producing bacteria was restored (Fig. 3.3B), indicating that
B. vulgatus required both lactose and lactate to effectively outcompete the butyrate

producing bacteria.

In the conditions with GOS, the situation was reversed: C. acnes but not B.
vulgatus outcompeted butyrate producing bacteria (Fig. 3.3C). After blocking uptake
of lactate by C. acnes the abundance of butyrate producing bacteria was restored
(Fig. 3.3C). C. acnes does not use lactose in the model. Taken together, these
simulations suggest that lactate is required for competitive exclusion of butyrate
producing bacteria by C. acnes. In the condition with 2’-FL B. vulgatus did not
outcompete butyrate producing bacteria (Fig. 3.3D). C. acnes (p=0.001) moderately
suppressed butyrate producing bacteria, with 29 of 30 simulations still predicting an
abundance of butyrate producing bacteria of over 1- 10" bacteria. This agrees with
the simulations using the full consortium (Fig. 3.2B), which also displayed a robust

abundance of butyrate producing bacteria in the 2’-FL condition.
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Figure 3.3: 2’-FL makes butyrate producing bacteria resistant to competition
by other infant gut bacteria

(A) Abundance of butyrate producers with 2’-FL and without competitors (only Bifidobacterium
and butyrate producers) at the end of 21 days. Uptake of lactose, lactate, or 1,2-PD is disabled for
butyrate producers in the ‘no lactose’, ‘no lactate’, and ‘no 1,2-PD’ conditions respectively. n=30
for each condition. Each simulation is represented by one dot. (p<0.001 for each disabled uptake
compared to the baseline)

(B,C,D) Abundance of butyrate producers at the end of 21 days (B) without prebiotics, either
without competitors (only Bifidobacterium and butyrate producers), with addition of B. vulgatus,
with addition of B. wulgatus unable to take up either lactose or lactate, or with addition of C.
acnes. n=30 for each condition. Each simulation is represented by one dot. p<0.001 for abundance
of butyrate producers with B. vulgatus compared to no competitors

(C) with GOS, either without competitors (only Bifidobacterium and butyrate producers), with
addition of C. acnes, with addition of C. acnes unable to take up lactate, or with addition of
B. wvulgatus. n=30 for each condition. Each simulation is represented by one dot. p<0.001 for
abundance of butyrate producers with C. acnes compared to no competitors

(D) with 2’-FL, either without competitors (only Bifidobacterium and butyrate producers), with
addition of C. acnes, or with addition of B. vulgatus. n=30 for each condition. Each simulation is
represented by one dot. p=0.001 for abundance of butyrate producers with C. acnes compared to
no competitors. NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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Figure 3.4: Populations of butyrate producing bacteria only grow much faster
than their competitors on a mixed substrate of 1,2-PD and lactate

(A) Growth on unlimited lactose and water over a single timestep for butyrate producing
bacteria (three rightmost bars, in green) compared to other lactose-fermenting bacteria in
the model.

(B) Growth on unlimited lactate and water over a single timestep for butyrate producing
bacteria (three rightmost bars, in green) compared to other lactate-fermenting bacteria in
the model.

(C) Growth on unlimited 1,2-PD, acetate, and water over a single timestep for butyrate
producing bacteria (two rightmost bars, in green) compared to another 1,2-PD-fermenting
bacterial species in the model.

(D) Growth on 1 pmol per ml of 1,2-PD and lactate, and unlimited acetate and water, over
a single timestep for butyrate producing bacteria (three rightmost bars, in green) compared
to other bacteria in the model for populations of 5 - 10° bacteria with access to one lattice
site (0.05ml)

3.2.5 Butyrate producing bacteria can use a mixture of lactate

and 1,2-PD as substrates in the 2’-FL condition to grow

faster than their competitors

To analyse how butyrate producing bacteria can outcompete other species only in

the presence of 2’-FL but not in the presence of GOS or without prebiotics, we next

examined the growth rates per timestep on unlimited quantities of the three key

substrates for butyrate producing bacteria indicated above: lactose, lactate, and 1,2-
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PD. With unlimited availability of lactose, the growth of the three butyrate producing
species was reduced relative to the growth of most other species (Fig. 3.4A). With
unlimited lactate, growth for butyrate producing species was superior to the other
species, but not to C. acnes (Fig. 3.4B). In presence of unlimited 1,2-PD and acetate
the butyrate producing species A. hallii and Roseburia inulinivorans grew faster than
the other species (Fig. 3.4C). On a mixture of limited lactate and 1,2-PD, with acetate
available, two of the three butyrate producing species also grew faster compared to all
other species (Fig. 3.4D). Thus the unique ability of butyrate producing bacteria to
grow on 1,2-PD and acetate in the model allowed them to outcompete other lactate-
consuming species in environments with 1,2-PD, such as those where Bifidobacterium
consumes 2’-FL. However, they would be unable to outcompete the same species in
conditions without 1,2-PD.

3.2.6 Sensitivity analysis

Finally, to test the generality of our observations we performed a sensitivity anal-
ysis on the system. The enzymatic constraint (Fig. S2A&B), the death rate and
growth rate (through the ATP required per population unit) (Fig. S2C&D), the
placement of new populations of random species in empty lattice sites (colonization)
(Fig. S2E&F), the diffusion of metabolites and populations (Fig. S2G&H),the amount
of initial oxygen (Fig. S2I&J), and quiescence for large populations (Fig. S2K) were
varied. We used three conditions for most changed parameters: 211 pmol lactose,
211 pmol lactose plus 211 pmol GOS, and 211 pmol lactose plus 211 pmol 2-FL
per three hours. We only used the latter two for disabling quiescence, as no popu-
lations entered quiescence during our initial simulations with 211 pmol lactose. We
found minor sensitivity for most parameter changes (Fig. S2). We found the most
notable effects when we disabled colonization or initial oxygen. When we disabled
colonization the abundance of butyrate producing bacteria was lower in all three
conditions (p<<0.001 for all). The absence of initial oxygen increased the abundance
of butyrate producing bacteria in the condition without prebiotics and with 2-FL
(p=0.002,p=0.035). This indicates that the presence of initial oxygen and sustained

colonization are particularly important in the simulated system.
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3.3 Discussion

This paper describes a computational study of the effects of the prebiotics GOS and
2’-FL on butyrate producing bacteria in the infant gut microbiota. We have used
the model to generate novel hypotheses to explain the — sometimes counter-intuitive
— mechanisms at the biochemical and population level that underlie the effects of
prebiotics. The model predicts that butyrate producing bacteria can coexist with
Bifidobacterium in the infant gut with or without GOS or 2’-FL as long as no other
bacterial species are present. As soon as other bacterial species are introduced into
the model, we found that they can act as competitors, thus reducing the abundance
of butyrate producing bacteria. Specifically, the model predicts that B. wvulgatus
outcompetes butyrate producing bacteria in absence of prebiotics. The predicted
mechanism is that B. vulgatus consumes lactose and lactate, important food sources
of the butyrate producing species. In presence of GOS, the model predicts that C.
acnes becomes the key competitor of the butyrate producing bacteria due to its lac-
tate consumption. In presence of 2’-FL, however, the butyrate producing species
are no longer outcompeted. The mechanism as predicted by the model is as follows.
The breakdown of 2’-FL by Bifidobacterium produces 1,2-PD. 1,2-PD becomes an
additional food source for the butyrate producing bacteria, helping them to outgrow
competitors. Thus, our modeling results predict that only 2’-FL, but not GOS sup-
ports populations of butyrate producing bacteria in their competition against species

such as B. vulgatus and C. acnes.

The following in vitro and in vivo observations agree with these model predictions.
Firstly, the model predicts co-existence and crossfeeding between Bifidobacterium
and butyrate producing species on 2’-FL. In agreement with the model predictions,
co-existence of and cross-feeding between Bifidobacterium and butyrate producing
bacteria occurs in vitro within simplified, synthetic communities on glucose, fucose,
and 2-FL in the absence of competitors [82]. Secondly, the model predicts that in
presence of the competitors such as B. vulgatus and C. acnes, B. vulgatus will be-
come abundant in absence of prebiotics and outcompete butyrate producing species.
In agreement with this model prediction, B. vulgatus is often abundant in the in vivo
infant gut microbiota [3], and it can consume lactose in vitro [191]. No information
is available on lactate consumption of B. vulgatus, but the related Bacteroides frag-
ilis is able to consume lactate in wvitro [192]. Thirdly, the model predicts that C.

acnes outcompetes butyrate producing bacteria in presence of GOS by consuming
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lactate. In agreement with this prediction, C. acnes is found in 22% of infants [3]
and Cutibacterium avidum, closely related to C. acnes [193], reduces the abundance
of the butyrate producer A. hallii in an in vitro lactate-fed microbiota from infant
fecal samples [194]. Both C. acnes and C. avidum consume lactate in vitro [195].
Finally, the model predicts that butyrate producing bacteria become competitive
through cross-feeding on 1,2-PD, which is produced by Bifidobacterium longum from
2’-FL. In agreement with this prediction, the butyrate producer A. hallii cross-feeds
on 1,2-PD in an in vitro synthetic community of A. hallié and B. longum [82]. Also
in line with this prediction, 2’-FL supplementation increased the abundance of bu-
tyrate producing bacteria in in vitro fecal communities based on infant fecal samples,
which likely include key competitors of butyrate producing species [188]. An in vitro
colonic fermentation model inoculated with infant feces has previously been used to
study the effect of introducing specific competitors to a lactate-consuming infant gut
microbiota [194]. This approach could also be used to test if B. wvulgatus and C.
acnes are viable competitors in the infant gut and if the presence of 1,2-PD allows

butyrate producing species to outcompete other bacteria.

More broadly, the model simulations without prebiotics predict that Escherichia,
Bacteroides, and Bifidobacterium become the three most abundant genera, which
agrees with the most abundant genera found in the infant gut microbiota around the
age of three weeks [3, 31]. The relative abundances the model predicts for butyrate
producing species range from 1.4% without prebiotics to 4.8% with 2’-FL, both of
which are within the broad range of values reported for the butyrate producing
community [20]. However, for two less abundant groups, Bacilli and Veillonella, the
model predictions disagree with in vivo data. Firstly, an initially dominant Bacilli
phase is sometimes seen in vivo, e.g. in 17.6% of subjects in [33]|, but not in any
model outcomes. An initially dominant Bacilli phase is associated in non-premature
infants with a shorter gestational period [33], but it is unclear exactly what factors
are responsible. A similar initial dominance of Bacilli that often occurs in premature
infants has been hypothesised to be related to selection pressures by the immune
system, a different composition of initial colonizers [196], or a defective mucin barrier
[16]. Secondly, the model predicted a very low Veillonella dispar abundance in all
conditions. These predictions contradict in vivo data [91, 3] in which V. dispar is
relatively abundant. V. dispar likely has a lower abundance in the model due to
an incorrectly reduced growth rate relative to the other species in the model on

lactate, the primary energy source of V. dispar [95], lactate, (Fig. 3.4B). We do not
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expect a large influence on the overall model predictions from this discrepancy, as C.
acnes has a metabolism similar to that of V. dispar in the model and in vitro: both
produce propionate, consume lactate, and cannot consume lactose [195]. However,
we cannot exclude that other species in the model, such as Veillonella spp., may be
more important competitors in vivo than the competitors that the model predicts.

Potential sources of the discrepancies between model predictions and experimen-
tal data include: (1) errors in the metabolic predictions of the underlying FBA
models; (2) computational errors, and (3) incomplete representation of the biology
underlying infant digestion. A typical error occurring in FBA models is an incom-
plete prediction of metabolic shifts, which is in part due to the assumption of FBA
models that the growth rate or energy production is optimised [13]. For example,
the FBA model does not correctly predict the metabolic shift from high-yield to
low-yield metabolism as observed in vitro in Bifidobacterium growing on increasing
concentrations of GOS and 2’-FL [96, 90]. FBA only predicts high-yield metabolism.
The model, therefore, likely underestimates total lactate production. The effects of
this discrepancy on the results are difficult to predict, but as lactate is a cross-feeding
substrate, the underestimation of lactate may cause the model to underestimate the
abundance of cross-feeding species such as C. acnes or butyrate producing bacteria.
The optimality assumption of FBA also ignores any other ’task’ that a bacterium
has, besides growth. For example, sporulation, toxin production, or metabolic an-
ticipation [197] may limit biomass production. The model does not represent such
genetically regulated mechanisms.

Further errors in the model predictions can be due to simplifications in the FBA
model. For example, we assume that the total flux through the reaction networks
is capped (Eq. 3.4), so as to mimic the maximum volume in a cell that can be
filled with enzymes. Here each enzyme is assumed to have equal maximum flux,
and the optimization problem then predicts the optimal relative flux distribution.
In reality, due to differences in enzyme concentration and enzyme efficiency these
maximum fluxes can of course differ, which affects the predictions of FBA [133, 144].
If species-specific data on efficiency and genetic regulation of pathways become avail-
able, such weighting could be included in the model. The metabolic predictions from
the FBA layer could be further improved in future versions of the model by integrat-
ing thermodynamic plausibility and favorability into FBA, which have previously
improved metabolic predictions for intracellular metabolism [198, 199]. Additionally,

the FBA model includes an extracellular compartment in which long GOS chains are
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broken down to shorter GOS chains, but it is not possible for extracellular break-
down products to diffuse during this process. Such extracellular digestion may lead
to additional competition effects, because competitors may ’steal’ digestion products
without investing in the enzymes themselves [88]. Such effects may become important
if additional species are introduced in the model that digest prebiotics extracellularly,
such as Bifidobacterium bifidum [64].

Computational errors in the model (2) include the discretization of time, the
discretization of space, and rounding errors in the FBA solver. Firstly, all processes
in the model are assumed to be constant within each timestep, which means the model
only roughly approximates the continuous temporal dynamics of processes such as
metabolism and diffusion. Secondly, we discretize the three-dimensional continuous
cylindrical space of the gut into a two-dimensional rectangular grid of lattice sites. We
consider each lattice site to be of equal volume and to have equal flow through it. This
simplification introduces many errors, as lattice sites must represent different shapes
of three-dimensional space, and these shapes are not connected as they would be in
three-dimensional space. It is difficult to estimate what impact these discretizations
have on the model. Finally, the FBA solver uses floating point arithmetic to generate
a deterministic but not exact solution to each FBA problem. These distortions are
very small, typically on the order of 107'% pmol per metabolite per FBA solution, so

we do not expect a notable effect on the results.

Errors in the model predictions due to an incomplete representation of the bi-
ology underlying infant digestion (3) include missing organisms, missing ecological
interactions, the simplifications we made to the metabolic input, and missing repre-
sentation of host interactions. Firstly, the model does not include fungi or archaea in
the infant gut. Both groups occur at a lower absolute abundance than the bacterial
microbiota, but may still influence it [200]. Secondly, the model does not include
interactions between bacteria other than cross-feeding and competition for resources.
Missing interactions include acidification of the gut [159], the production of bacteri-
ocins [201] and the effects of phage infections [202], all of which have species-specific
effects. Thirdly, the model does not include the input of fats, proteins, or minerals
into the gut. This means that the model cannot represent stimulation of growth by
digestion of fats or proteins, nor potential limits on growth due to, for example, the
lack of iron [203] or essential amino acids [204]. Finally, the model does not represent
the interactions of the host with the microbiota, such as the continuous secretion

by the gut wall of mucin [30] and oxygen [152], and the uptake of short-chain fatty
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acids [205]. Colonic mucins in particular could greatly influence the microbiota, as
B. bifidum consumes colonic mucins extracellularly, which facilitates cross-feeding by
butyrate producing bacteria in vitro [27].

Despite the inevitable limitations of the model, we have shown here how the
model can be used to produce testable predictions on the effects of prebiotics and
competition on butyrate producing bacteria in the infant gut microbiota. Future
versions of the model may be a useful help in follow-up studies on the effects of

nutrition on bacterial population dynamics in the infant and adult gut microbiota.

3.4 Methods

We used a spatially explicit model to represent the newborn infant gut microbiota.
The model is based on our earlier models of a general microbiota [122] and the infant
microbiota [103]. Prebiotic digestion is the most important addition in the present
version of the model.

The model consists of a regular square lattice of 225 x 8 lattice sites, with each
lattice site representing 2 X 2 mm of space. Taken together this represents an infant
colon of 450 x 16 mm, in line with in wvivo estimates [135, 136]. Each lattice site
can contain an amount of the 735 metabolites represented in the model, as well as a

single bacterial population.

3.4.1 Species Composition

Species were selected based on [3], using sheet 2 of their Table S3. We selected the 20
entries with the highest prevalence in vaginally delivered newborns. After removing
two duplicate entries we selected a representative species for each genus from the
AGORA database [10]. We then added an additional Bifidobacterium longum ssp.
infantis GEM to serve as prebiotic consumer, and a Roseburia inulinivorans GEM.
Roseburia spp. have been shown to be a prevalent butyrate producing bacterium
in infants in other studies [20]. Together, these form the list of species (Table 3.1).
This represents an improvement over earlier work [103], where we used a smaller set
of species based on a smaller dataset of infant microbiota data. This earlier set did
not include butyrate producers, and so did not allow us to examine cross-feeding
that leads to butyrate production. This extended set allows us to examine these

cross-feeding interactions.
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3.4.2 Changes from AGORA

The model uses GEMs generated in the AGORA project [101]. We have applied
various changes and additions to these models (Table S1).

We have added digestion of GOS or 2’-FL to the B. longum ssp. infantis GEM as
follows. 2’-FL digestion was implemented by adding reactions representing an ABC-
transporter and an intracellular fucosidase that breaks 2’-FL down to lactose and
fucose [96]. GOS was represented through separate DP3, DP4, and DP5 fractions
[206]. The DP4 and DP5 fractions are broken down extracellularly to DP3 and DP4
fractions respectively, releasing one galactose molecule in the process [207]. The DP3
fraction is taken up with an ABC transporter, and broken down internally to lactose
and galactose [207].

We have also further expanded earlier curation of the AGORA GEMs [103]. We
disabled anaerobic L-lactate uptake for the Bifidobacterium GEMs and for E. coli in
line with available literature [158, 208]. To have the GEMs correspond with exist-
ing literature on lactose uptake we added a lactose symporter to Anaerobutyricum
hallii |27], both Bifidobacterium longum GEMs [209], Roseburia inulinivorans [210],
Haemophilus parainfluenzae [211], and Rothia mucilaginosa [212]. We also added
galactose metabolism to R. inulinivorans [213] and R. mucilaginosa [212]. Further
changes were made to prevent unrealistic growths and the destruction of atoms within
reactions (Table S1).

3.4.3 Validity checks

After applying the changes in Table S1 we tested all GEMs individually for growth on
a substrate of lactose and water. In line with literature, this did not lead to growth
for Veillonella disparans [95], Cutibacterium acnes [195], Eggerthella sp. YY7918
[214], and Gemella morbillorum [215]. All other species grew on this substrate. We
also checked for any spurious growth by checking each GEM for growth with only
water present.

During each simulation, the model checks the FBA solutions for thermodynamic
plausibility. The model uses a database of Gibbs free energy values [173] for all
metabolites except 2’-FL and GOS. Values for 2’-FL and GOS were generated from
the values for lactose and fucose, and lactose and galactose, respectively. Separate
values were generated for the separate fractions of GOS. All values assumed a pH of 7
and an ionic strength of 0.1 M. We found that in the simulations of Fig. 3.2A with the
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baseline level of lactose, combined with those with GOS and 2’-FL (n=90) 99.98%
of all FBA solutions had a lower or equal amount of Gibbs free energy in the output
compared to the input. The remaining 0.02% of FBA solutions was responsible for
0.003% of total bacterial growth.

3.4.4 FBA with enzymatic constraint

Although other aspects of the model were changed, the FBA approach we used is
identical to that used in the earlier model [103]. The model uses a modified version
of flux balance analysis with an enzymatic constraint to calculate the metabolic
inputs and outputs of each population at each timestep [13, 100]. Each GEM is first
converted to a stoichiometric matrix S. Reversible reactions are converted to two
irreversible reactions, so that flux is always greater than or equal to 0. Reactions
identified in the GEM as ‘exchange’, ‘sink’, or ‘demand’ in the GEM are also recorded
as ’exchange’ reactions. These exchange reactions are allowed to take up or deposit
metabolites into the environment. Each timestep, all reactions are assumed to be in

internal steady state:

S-f=0, (3.1)

where f is a vector of the metabolic fluxes through each reaction in the network,
in mol per time unit per population unit.

Each exchange reaction that takes up metabolites from the environment F;, is
constrained by an upper bound F,;, which represents the availability of metabolites

from the environment. It is determined as follows:

F_;n < ﬁub’ (32)

where F_,fn is a vector of fluxes between the environment and the bacterial pop-
ulation. F,p is a vector of upper bounds on these fluxes. Fp is set dynamically at
each timestep 7 by the spatial environment at each lattice site X:

S c(%,1)
Fub(x,t) = B()-C) t)’

(3.3)

where ¢ is a vector of all metabolite concentrations in mol per lattice site, X is
the location and B(X,t) is the size of the local bacterial population. The size of B

can range from 5- 107 to 2 - 10! bacterial cells.
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Finally the enzymatic constraint constrains the total flux through the network.
It represents the maximum, total amount of flux that can be performed per cell in

each population:

MFf<a (3.4)

The enzymatic constraint a is in mol per time unit per population unit. As both
f and a are per population unit, this limit scales with population size, so each bac-
terial cell contributes equally to the metabolic flux possible in a lattice site. The
enzymatic constraint is included as a constraint on each FBA solution. Given the
constraints, FBA identifies the solution that optimises the objective function, ATP
production. The solution consists of a set of input and output exchange fluxes Fin (X,1)
and Fy;(%,1), and a growth rate g(%,1). The exchange fluxes are taken as the deriva-
tives of a set of partial-differential equations to model the exchange of metabolites
with the environment. The size of the population increases proportionally to the
growth rate in the FBA solution.

To mimic quiescence at high densities, populations above the spreading threshold
of 2-10'° bacteria do not perform metabolism. In practice this rarely occurs because
we maintain sufficient space for populations to spread into empty lattice sites. In
the simulations of Fig. 3.2A (n=120) metabolism was not performed in, on average,

0.05% of all populations in a timestep.

3.4.5 Environmental metabolites

We model 735 different extracellular metabolites. This is the union of all metabolites
that can be exchanged with the environment by at least one GEM in the model. In
the simulations 39 metabolites are present in the medium in more than micromolar
amounts at any point. We combine the L-lactate and D-lactate metabolites for
Fig. 3.1B, Video S1 and Video S2. Nearly all lactate in the model is L-lactate.

To represent the mixing of metabolites by colonic contractions we apply a diffusion
process to the metabolites at each timestep. Metabolic diffusion is applied in two
equal steps to the model. In each step, 14.25% of each metabolite diffuses from each
lattice site to each of the four nearest neighbours. This causes a net diffusion each
timestep of 6.3 - 10° cm?/s. Metabolites are also added and removed by bacterial

populations as a result of the FBA solutions, yielding
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ieNB(%)

where F;u, (X,1) is a vector of fluxes from the bacterial populations to the envi-
ronment, in mol per time unit per population unit, D is the diffusion constant, L is
the lattice side length, and NB(X) are the four nearest neighbours.

All metabolites except oxygen are moved distally by one lattice site every timestep
to represent advection. The transit time, including diffusion, is approximately 11
hours, corresponding with in vivo observations in newborn infants [141, 142]. Metabo-
lites at the most distal column of the lattice, the end of the colon, are removed from
the system at each timestep.

Every 60 timesteps (representing three hours) metabolites representing inflow
from the small intestine are inserted into the first six columns of lattice sites. Three
hours represents a realistic feeding interval for neonates [175]. Food intake contains
211 pmol of lactose by default, a concentration in line with human milk [66], as-
suming 98% host uptake of carbohydrates before reaching the colon [131]. In some
simulations 211 pmol of additional lactose, GOS, or 2’-FL is added. Because there is
very little uptake of prebiotics by the infant [190], the oral intake of prebiotics would
be much lower than that of lactose. GOS is inserted as separate fractions of DP3,
DP4, or DP5 based on analysis of the composition of Vivinal-GOS [206]. 64% is DP3,
28% is DP4 and 8% is DP5. Water is provided in unlimited quantities. Oxygen is
placed during initialisation [125] at 0.1 pmol per lattice site. No other metabolites
are available, other than those produced as a result of bacterial metabolism within
the model.

3.4.6 Population dynamics

During initialization there is a probability of 0.3 for each lattice site to get a popu-
lation of size 5 - 107 of a random species (Table 3.1). Taken together, this averages
around 540 populations, leading to a total initial bacterial load of 2.7 - 1019, in line
with in vivo estimates [5] when we assume a uniform bacterial density and a total
colon volume of 90 ml. In each timestep each local population solves the FBA prob-
lem based on its own GEM, the enzymatic constraint a, its current population size

B(X,t) and the local concentrations of metabolites ¢(%, r), and applies the outcome to
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the environment (see above) and the growth rate g(X,¢) to its own population size,

as follows:

dB(X,1)
dt

= B, 1)g(%,1). (3.6)

Each step, each population of at least 1-10'° bacteria (Table 3.2) will create a new
population if an adjacent empty lattice site is available. Half of the old population
size is transferred to the new population, so that the total size is preserved. To
mimic colonisation new populations are introduced at random into empty lattice
sites during the simulation, representing both dormant bacteria from colonic crypts
[143] and small bacterial populations formed from ingested bacteria, which may only
become active after being moved far into the gut. Each empty lattice site has a
probability of 0.00005 (Table 3.2) each step to acquire a new population of a randomly
selected species. All species have an equal probability to be selected. We initialise
these populations at the same population size B as the initial populations in the
model (Table 3.2). Each population dies out at a probability of 0.0075 per timestep,
creating a turnover within the range of estimated microbial turnover rates in the

mouse microbiota [72].

To mix the bacterial populations the lattice sites swap population contents each
timestep. We use an algorithm inspired by Kawasaki dynamics [176], also used
previously for bacterial mixing [103, 122]: In random order, the bacterial content of
each site, i.e., the bacterial population represented by its size B(¥,7) and the GEM,
are swapped with a site randomly selected from the Moore neighbourhood. This
swap only occurs if both the origin and destination site have not already swapped
in this timestep. With this mixing method the diffusion constant of the bacterial
populations is 6.3 - 10°cm?/s, equal to that of the metabolites. This represents an
improvement over our earlier work [103], where the diffusion of metabolites and
populations differed. Bacterial populations at the most distal column, i.e. at the exit
of the colon, are removed from the system. To increase the bacterial diffusion rate
in the sensitivity analysis this process was executed five times, marking all sites as
unswapped after each execution. To decrease the bacterial diffusion rate the number

of swaps was limited to a fifth of the usual number of swaps.
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3.4.7 Analysis

We record the size, species, location, and important exchange fluxes Fi,(%,7) and
F;m (X, 1) for each population at each timestep. To detect irregularities we also record
the net flux of carbon, hydrogen, oxygen, and Gibbs free energy for every population
at each timestep. Gibbs free energy is estimated using the Equillibrator database
[173]. Energy loss [ in joules per timestep per population unit is recorded as follows,
where i are metabolites, F is the exchange flux rate in mol per timestep per population

unit and E contains the Gibbs free energy in joules per mol for each metabolite,

l= ZF(:‘) - E(i). (3.7)

3.4.8 Parameters

Parameters of the system are listed in table 3.2. We estimate a total volume of 90ml
for the infant colon [135, 136], which leads to a rough estimate on the order of 10'2
bacteria in the newborn infant colon given an abundance per ml of around 109 [5].

Values for free parameters were estimated and evaluated in the sensitivity analysis.

3.4.9 Implementation

We implemented the model in C++11. We based the model on our own earlier mod-
els of the gut microbiota [122, 103]. Random numbers are generated with Knuth’s
subtractive random number generator algorithm. Diffusion of metabolites was im-
plemented using the Forward Euler method. The GEMs are loaded using 1libSBML
5.18.0 for C++. We used the GNU Linear Programming Kit 4.65 (GLPK) as a linear
programming tool to solve each FBA with enzymatic constraint. We used the May
2019 update of AGORA, the latest at time of writing, from the Virtual Metabolic
Human Project website (vmbh.life). We used Python 3.6 to extract thermodynamic
data from the eQuilibrator API (December 2018 update) [173]. When not noted
otherwise p-values were calculated with R 4.2.1 using the Mann-Whitney test from
the ’stats’ package 3.6.2. Model screenshots were made using the libpngl6 and png-
writer libraries. Other visualisations were performed with R 4.2.1 and Google Sheets.
Raincloud visualisations used a modified version of the Raincloud plots library for R
[216].
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3.5 Supplemental material

Available from cell.com/iscience/fulltext/S2589-0042(24)00306-7

S1 Table

Table of changed or deleted reactions and annotations.csv
A table of changes made to the AGORA models as a .csv file.

S1 Video

Video of a simulation with no prebiotics, consisting of a visualisation of
the distribution of bacterial species and major metabolites. Lines represent,
from top to bottom: Bacteria, lactose, 2’-FL, lactate (Both L and D), acetate, 1,2-
PD, butyrate, succinate, CO2, H2, propionate

S2 Video

Video of a simulation with 2’-FL, consisting of a visualisation of the dis-
tribution of bacterial species and major metabolites. Lines represent, from
top to bottom: Bacteria, lactose, 2’-FL, lactate (Both L and D), acetate, 1,2-PD,
butyrate, succinate, CO2, H2, propionate

S3 Video

Video of a simulation without prebiotics, displaying fluxes between pop-
ulation and metabolite pools Line width is scaled with the flux per metabolite
over 60 timesteps per frame, multiplied by the carbon content of the molecule, with

a minimum threshold of 100 pmol atomic carbon.

S4 Video

Video of a simulation with 2’-FL, displaying fluxes between population
and metabolite pools. Line width is scaled with the flux per metabolite over the
60 timesteps per frame, multiplied by the carbon content of the molecule, with a

minimum threshold of 100 pmol atomic carbon.
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S1 Figure

Relative abundance of bacterial species at the end of 21 days with varying
inputs of 2’-FL and GOS compared to the fixed input amount of lactose.

n=30 for each condition, each simulation is weighed equally.
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S2 Figure

(A to K) Relative abundance of bacterial species in the conditions with
no prebiotics, with GOS, or with 2’-FL at the end of 21 days, with the fol-
lowing alteration from the baseline of Fig. 3.2A: (A) Enzymatic constraint loosened
by a factor of 2, to 4 pmol flux per timestep per 1-10'° population (B) Enzymatic
constrained tightened by a factor of 2, to 1 pmol flux per timestep per 1-10'° pop-
ulation (C) Growth decreased by a factor of 10, by increasing the ATP per bacteria
to 1-107'4, with the death probability decreased to 0.00075 per population per
timestep. (D) Growth increased by a factor of 10 by decreasing the ATP per bac-
teria to 1- 10716, with the death probability increased to 0.075 per population per
timestep (E) Colonisation removed by setting the probability for new populations to
be placed after initialization to 0 (F) Colonisation increased by x10 by setting the
probability per empty lattice to acquire a new population to 0.0005 per timestep (G)
Diffusion of both metabolites and bacteria decreased by a factor of 5 to 1.26 - 1076
cm?/s (H) Diffusion of both metabolites and bacteria increased by a factor of 5 to
3.15-107° e¢m?/s (I) No initial presence of oxygen (J) Initial oxygen increased to 1
nmol per lattice site (K) Quiescence disabled

For each figure: n=30 for each condition, each simulation is weighed equally.
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S3 Figure

Abundance of butyrate producing bacteria at the end of 21 days with 422
nmol of lactose per three hours and without prebiotics, either without
competitors (only Bifidobacterium and butyrate producing bacteria), with
addition of B. vulgatus, or with addition of C. acnes. n=30 for each condition.
Each simulation is represented by one dot.

NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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Abstract

Intestinal mucin acts as a barrier protecting the infant gut wall against diseases
such as colitis and rotavirus. In vitro experiments have shown that the gut micro-
biota of breastfed infants consumes less mucin than the microbiota of non-breastfed
infants, but the mechanisms are incompletely understood. The main difference be-
tween human milk and most infant formulas is the presence or absence of human
milk oligosaccharides (HMOs). We therefore hypothesize that HMOs protect the
mucin layer by favoring non-mucin consuming bacteria in the microbiota. To un-
derstand the underlying mechanisms we analysed the potential effect of HMOs on
the developing infant gut microbiota using a computational modeling approach that
describes the metabolism and ecology of the infant gut microbiota. We show that
in the presence of the HMO 2’-fucosyllactose (2’-FL), extracellular digestion of 2’-
FL by the mucin-consumer Bifidobacterium bifidum makes this species vulnerable to
competitors, including Bacteroides vulgatus. Our model predicts that the non-mucin
consuming Bifidobacterium longum, which digests HMO intracellularly, can then be-
come dominant. Paradoxically, in monocultures B. longum grows less efficiently on
HMOs than B. bifidum. In mixed cultures, extracellular HMO degradation products
resulting from B. bifidum activity can serve as substrate for B. bifidum, or for other
bacteria instead. These digestion products become ’public goods’. We conclude
that the theory of public goods in microbial ecology may be key to understanding
the effects of HMOs on the mucin-consuming potential of the developing infant gut

microbiota.
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4.1. Introduction

4.1 Introduction

The interior of the gastrointestinal tract is covered by a layer of mucin which protects
the gut against diseases such as colitis [217] and rotavirus infection [218]. The mucin
layer consists largely of mucin glycoproteins. Some species of intestinal bacteria, such
as Bacteroides spp. and Bifidobacterium bifidum, can consume these mucins [63, 87].
As mucin protects the gut against infection, consumption of intestinal mucins by the
residing microbiota potentially increases the risk of disease [28]. It is thought that
breastfeeding shapes the infant gut microbiota in such a way that the microbiota
consumes less mucin [219]. This hypothesis is based on in vitro observations showing
that microbiota from the feces of breastfed infants consume mucins more slowly than

the microbiota from the feces of non-breastfed infants [219].

As the infant formula at the time of this study did not contain any human milk
oligosaccharides (HMO), we hypothesize that it is the HMO in human milk that
shaped the microbiota of the breastfed infants to consume less mucin. HMOs are the
most abundant component of human milk after lactose and lipids [220]. They are not
digested by the host, but exclusively by intestinal bacteria, shaping the microbiota
[169]. About 200 HMO structures exist, each of which consists of a core of lactose
with other sugars attached to it [106]. We will focus in particular on the potential
effects of the HMO 2’-fucosyllactose (2’-FL), as it is the most abundant HMO in the
milk of most humans [221] and its digestion by the infant gut microbiota is well-
characterized [222]. We also examine galacto-oligosaccharides (GOS), which have a
similar structure and are consumed by the same bacteria, but are not HMOs [223].
GOS are frequently added to commercial infant formula [185]. HMOs may decrease
mucin consumption by stimulating non-mucin consumers at the expense of mucin
consumers. Indeed, the non-mucin consumer Bifidobacterium longum specializes in
HMOs, including 2’-FL [65], and a high abundance of B. longum in the infant gut
microbiota lowers total mucin consumption in breastfed infants [30]. Paradoxically, in
in vitro experiments, the mucin consumer Bifidobacterium bifidum digests and takes
up HMOs such as 2’-FL more efficiently than B. longum [224, 222], but B. bifidum is
much less abundant than B. longum in the infant gut [3, 225]. We hypothesize that
differences in HMO digestion strategies cause B. longum to be more abundant than

B. bifidum in vivo.

The carbohydrate metabolism of B. bifidum and B. longum is similar, as both

species use bifid shunt metabolism to metabolise sugars [90], but the species cru-
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cially differ in how they break down and transport HMOs into the cell [222]. B.
longum imports most HMOs, including 2’-FL, into the cell using ATP-dependent
active transport [169]. In contrast, B. bifidum digests most HMOs, including 2’-FL,
outside the cell, secreting enzymes that break down HMOs into smaller sugars such
as lactose [220]. The import of lactose produced from 2’-FL does not require active
transport [226]. Thus, B. bifidum’s metabolism of 2’-FL is thought to be more effi-
cient. However, a major disadvantage of extracellular digestion is that other species
can take up the digestion products [83]. Thus, we hypothesize that cross-feeding
by other species on the digestion products of B. bifidum explains the relatively low
abundance of B. bifidum in vivo.

Extracellular products that can benefit other species instead of the producer are
a type of public goods [227]. The role of public goods in inter-species interaction has
been studied in detail in many systems, in particular in budding yeast Saccharomyces
cerevisiae [88]. Yeast can secrete the enzyme invertase that breaks down sucrose into
fructose and glucose. With this enzyme it can grow in glucose-limited medium rich in
sucrose. However, most of the glucose is lost to the cell that expresses the invertase:
only around 1% of glucose is taken up by the cell, the rest is lost to the environment.
This way, glucose functions as a public good. Because the production of invertase is
costly, it can be advantageous for a yeast cell to not produce invertase, but only take
up the glucose produced by other cells. In a yeast community invertase producers
and invertase non-producers can co-exist [88]. This co-existence is possible because
they are playing a ’snowdrift game’, in which the less common strategy (producing
or not producing invertase) has an advantage over the more common strategy [88].
The abundance of producers and non-producers can be influenced by both the me-
chanics of public good production as well as pressure from the surrounding bacterial
community [228].

The extracellular digestion of oligosaccharides by B. bifidum has also been con-
sidered as a form of public goods production [83], and may be influenced by the
same mechanisms. In our model of the infant microbiota, B. bifidum is a producer of
public goods from 2’-FL and every other species is a non-producer. Strong pressure
from cross-feeding or ’stealing’ by the surrounding bacterial population may then
explain why B. bifidum is less abundant than other bacteria. The advantage of the
less common strategy (producing) over the more common strategy (non-producing)
may explain the continued low presence of B. bifidum in the infant gut.

We investigated (1) whether 2’-FL in milk can explain the reduced mucin con-
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sumption observed in the microbiota of breastfed infants, and (2) whether public
goods metabolism of 2’-FL can explain the relatively low abundance of the mucin
consumer B. bifidum compared to B. longum in the infant gut microbiota. As these
mechanisms involve an interplay between the molecular, population and physical lev-
els, we used a multiscale mathematical model. Such models have previously been used
to model spatial bacterial interactions and the gut microbiota [132, 131, 122, 123].
In particular, a previous computational model found that the inclusion of consum-
able mucin in the model could be an important factor in explaining the diversity of
species found in the adult gut microbiota [123]. We based the model on our previ-
ous microbiota models [122, 103, 229|, which modelled microbial interactions in the
adult and infant gut microbiota, including relevant host factors such as flow rate and
the presence of initial oxygen. These models have previously been used to generate
predictions on the effects of factors such as diarrhoea, oxygenation, and HMO sup-
plementation on microbiota composition and metabolism [122, 103, 229]. We have
extended these models to also include species-specific public goods-producing and
non-public goods-producing metabolism of mucin and 2’-FL.

Briefly, we show that our model can reproduce cross-feeding between B. bifidum
and Anaerobutyricum hallit observed in vitro and that it predicts:
(1) 2-FL reduces mucin consumption by causing a higher abundance of B. longum.
(2) The low abundance of B. bifidum can be explained by other species consuming
the public goods it produces from 2’-FL.
(3) B. longum is more abundant than mucin consumers because its 2’-FL metabolism

is intracellular, and so does not produce public goods.

4.2 Results

4.2.1 Public goods model reproduces in vitro cross-feeding

between mucin consuming and non-consuming species

We first tested if our model system could reproduce consumption of mucin by a
cross-feeding community of two species. In wvitro, A. hallii cannot grow on mucin
in single culture, whereas it can grow on mucin in co-culture with B. bifidum [27].
B. bifidum digests mucin extracellularly, which leads to cross-feeding metabolites

becoming available in the medium as public goods[27]. A. hallii can then grow on
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these cross-feeding metabolites [27]. We first investigated whether our computer

model could reproduce this cross-feeding.

We simulated this two-species system using a multiscale model [103, 229]. Briefly,
the model integrates simulations of the metabolism of bacterial species to generate
predictions for microbial abundances and metabolic interactions over space and time.
Bacterial metabolism is predicted using flux balance analysis (FBA) on genome-scale
metabolic models (GEMs). Growth is determined by a biomass reaction, which FBA
maximizes. The default biomass reaction in the model is the ATP production rate.
We have extended this model with species-specific mucin metabolism and extracel-
lular public goods production from mucin and 2’-FL. The extracellular public goods
production is separate from the FBA predictions of metabolism (Fig. 4.1A&B). We
distributed all nutrients and metabolites equally across all lattice sites at the start
of each timestep. We also supplied the system only with water and mucin, and only
used GEMs of B. bifidum and A. hallii. We used a fucosylated core-2 mucin struc-
ture to represent all mucin oligosaccharides. For details see the methods sections

"Non-spatial model’ and "Nutrient input’.

We compared two model variants. In the first model variant, called the ’control
model’, we assumed that the FBA solution selects what digestion products of mucin
to create, and these were first available in the local lattice site, such that species that
produced the digestion enzymes had exclusive benefits from the digestion products in
the timestep when they were created. In a second variant, which we called the "public
goods model’, all possible mucin digestion products were produced outside of the
FBA, and these diffused before they became available for uptake by the populations.
This potentially made these products available to populations at other sites. In
simulations of the control model, A. hallii could not grow, even whenB. bifidum
produced cross-feeding products (Fig. 4.1C). However, in the 'public goods’ model
variant, the model predicted that B. bifidum also released galactose into the medium.
A. hallii could then grow in co-culture with B. bifidum by consuming the galactose

(Fig. 4.1D), in agreement with experimental observations [27].

Summarizing, the multiscale model correctly reproduced the cross-feeding of A.
hallii and B. bifidum. Therefore the model with public goods metabolism of mucin
provides a good basis for simulating more complex situations, as we will show in the

next sections.
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Figure 4.1: Model outline and effect of the public goods model

(A) Schematic of the non-public goods model without spatial separation (see methods sec-
tion ’Non-spatial model’) fed with mucin. Mucin is consumed by specific species, and all
bacterial populations share a common nutrient pool.

(B) Schematic of the public goods model without spatial separation fed with mucin. Mucin
is consumed separately from other substrates to represent extracellular metabolism, and all
bacteria need to retrieve the metabolites of mucin metabolism from the common pool.
(C,D) Metabolic network for B. bifidum and A. hallii in a single simulation with no spatial
separation and mucin as the only nutrient source not using the public goods model (C)
and using the public goods model (D). Yellow arrows indicate uptake, black arrows indicate
production. Line width is scaled with the flux per metabolite, multiplied by the carbon
content of the molecule, with a minimum threshold of 100 pmol atomic carbon.
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4.2.2 Public goods model reproduces in vivo pattern of mi-

crobiota composition and mucin consumption

We next turned our attention to mucin consumption in the full infant microbiota.
Two observations suggest that breastfeeding shapes the infant microbiota such that
mucin consumption is reduced. Firstly, in wvitro data suggest that the microbiota
from breastfed infants consume less mucin than the microbiota from non-breastfed
infants [219]. Secondly, in vivo, a breastfed infant microbiota dominated by B. longum

consumes less mucin [30].

We tested if we could reproduce and analyse these observations in a model of
a complex microbiota, as described by the full infant gut microbiota model as in-
troduced previously [103, 229]|, which we have extended with mucin production and
consumption, and extracellular digestion of the HMO 2-FL (see methods section
‘changes to GEMs’). Briefly, the spatial model represents the infant colon with
a regular square lattice of 225 x 8 boxes of 2 X 2 mm, (Fig. 4.2 A&B). Nutrients
are introduced into the system at regular intervals, and populations, nutrients, and
metabolites diffuse through the system. Nutrients and metabolites advect through
the system, and are removed at the distal end. In this extended version of the model,
mucin is produced at one of the boundaries, representing the intestinal wall. The

other boundaries represent the center, and the entrance and exit of the intestine.

The model contains 21 bacterial species, each represented by a genome-scale
metabolic model (GEM) (Table 4.1). The species were selected based on in vivo
data [3], as described in methods section ’Species composition’. Of these species,
only B. bifidum and B. longum could digest 2’-FL in the model. Again we simulated
a 'public goods’ model and non-public goods ’control’ model. B. bifidum produced
public goods from 2’-FL only in the public goods model, but B. longum always di-
gested 2’-FL without producing public goods, even in the public goods model of 2’-FL
metabolism. Several species could digest mucin, all of which produced public goods.

We simulated the model with four conditions, differing in nutrient input and
handling of public goods 2’-FL metabolism: (1) a nutrient input of 211 pmol of
lactose per 60 timesteps (2) a nutrient input of 422 pmol of lactose per 60 timesteps
(3) a nutrient input of 211 pmol of lactose and 211 pmol of 2’-FL per 60 timesteps,
without public goods 2’-FL metabolism, and (4) a nutrient input 211 pmol of lactose
and 211 pmol of 2’-FL per 60 timesteps, with public goods 2’-FL metabolism. We did

this to examine which approach better reproduced in vivo observations. 211 pmol
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of lactose per 60 timesteps is our best estimate for lactose input into the infant gut,
but we also included an increased amount of lactose in condition 2 to control for
the increased amount of sugars present in the system when 2’-FL is included. This
allowed us to distinguish between an effect of 2’-FL and an effect of total sugar input.

In conditions 1 and 2, i.e. without 2’-FL, the simulations predicted a high
abundance of all Bifidobacterium species, Escherichia coli, and Bacteroides vulga-
tus, (Fig. 4.2C) and a high mucin consumption (Fig. 4.2D). The model predictions
without 2’-FL matched well with the outcomes commonly observed in non-breastfed

infants, who generally did not consume HMO. As observed in the formula-fed infant

gut microbiota, the model predicts a diverse microbiota, with Bifidobacterium, Bac-
teroides and Escherichia as major groups [53, 3, 31] and high mucin consumption
[219].

In condition 3, with 2’-FL and without public goods 2’-FL metabolism, the model
predicted that B. longum and B. bifidum became highly abundant, leading to a high
mucin consumption (Fig. 4.2C & D). In condition 4, with 2’-FL and public goods

2’-FL metabolism, we observed a dominance of B. longum and lower mucin con-

Table 4.1: Species and subspecies included in the computational model. Color indicates
color used in figures.

Name Phylum Mucin consumption | 2’-FL consumption
Bifidobacterium longum ssp. infantis | Actinomycetota No Without public goods
Actinomycetota No No
Actinomycetota ‘With public goods With public goods
Actinomycetota No No
Actinomycetota No No
Actinomycetota No No
Actinomycetota No No
Bacillota No No
Bacillota No No
Bacillota No No
Bacillota No No
Bacillota No No
Bacillota No No
Bacillota No No
Anaerobutyricum hallii Bacillota No No
Roseburia inulinivorans Bacillota No No
Clostridium butyricum Bacillota No No
Bacteroidota With public goods No
Bacteroidota ‘With public goods No
Pseudomonadota | No No
Pseudomonadota | No No
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sumption (Fig. 4.2C & D). Mucin consumption was not lower in all simulations, as
the distribution became bimodal (Fig. 4.2D). Moreover, the public goods model out-
comes matched the in vivo data on breastfed infants better than the non-public goods
model, as B. longum is generally more abundant than B. bifidum in the infant gut
microbiota [3, 225], and in vitro mucin consumption by the microbiota of breastfed
infants is generally lower [219]. A high B. longum abundance is also associated with
lower mucin consumption in breastfed infants [30].

We concluded that predictions of the public goods model of 2’-FL metabolism
matched observations of the inhibitory effect of breastfeeding and B. longum abun-
dance on mucin consumption better than the non-public goods model. We proceeded

to focus on the public goods model of 2’-FL metabolism.

4.2.3 Model outcomes robust for different oligosaccharides

but not for all parameters or growth assumptions

We next analysed the robustness of our results by performing a parameter sensitivity
analysis. We first asked if and how the rate of public goods production could affect
the model predictions. We repeated the simulations with 2’-FL (condition 4) for
public goods production that was ten times slower, or ten times faster (see methods
section 'Extracellular metabolism’). B. bifidum was much less abundant than B.
longum, as it was in the original predictions, regardless of the parameter setting
(Fig. S1A). The bimodal distribution of mucin consumption was also similar to the
original predictions (Fig. S1B).

We next performed a sensitivity analysis for 6 parameters of the model without
2-FL (condition 1), and for the model with 2’-FL and public goods 2’-FL metabolism
(condition 4). This revealed that the amount of oxygen and mucin in the model were
particularly important for the scenario without 2’-FL, but not with 2’-FL (Fig. S2).

We then repeated the simulations of conditions 3 and 4 with galacto-oligosaccharides
(GOS) instead of 2’-FL. GOS are oligosaccharides often present in infant formula,
and, like 2’-FL, are primarily digested by Bifidobacterium spp. [64]. However, GOS
are digested differently from 2’-FL. GOS consist of a mixture of oligosaccharides with
different chain lengths. All Bifidobacterium species in the model break down chains
of four or more sugars extracellularly [206, 230, 86, 231]. Chains of three sugars are
imported using active transport by B. longum and Bifidobacterium breve, but broken
down extracellularly by B. bifidum. A full description of the digestion of GOS in the
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Figure 4.2: 2°-FL metabolism stimulates a microbiota that consumes less mucin
and has dominant B. longum exclusively in the public goods model

(A) Schematic of the model. Circles represent populations, color represents species. Lactose
and 2’-FL enter left (proximally). Mucin enters at the bottom. All nutrients and metabo-
lites move distally (right) and leave the system there. Numbers indicate processes in the
model: (1) Metabolism, growth, and division of populations (2) Diffusion of populations (3)
Diffusion of metabolites (4) Advection of metabolites

(B) Screenshot of a model simulation, showing from top to bottom the bacterial layer, lac-
tose, mucin, and mucin products. Color indicates species in the bacterial layer. Brightness
indicates growth in the bacterial layer, and concentration in the other layers.

(C) Average relative abundance of bacterial species at the end of 21 days with four different
conditions: (1) with 211 pmol lactose, (2) 422 pmol lactose, (3) 211 pmol lactose and 211
pmol 2’-FL without public goods 2’-FL metabolism, or 211 pmol lactose and (4) 211 pmol
2’-FL with public goods 2’-FL metabolism. n=30 for each condition.

(D) Amount of colonic mucin digested by the microbiota as a percentage of total mucin
released into the gut over the final three hours of the model, per condition of C. n=30 for
each condition

NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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model is in methods section ’Changes to GEMs’. Compared to the simulations with
2’-FL, the simulations with GOS had a higher B. bifidum and B. breve abundance
(p<0.001) and a lower abundance of butyrate producing bacteria (p<0.001), but a
similar distribution of mucin consumption (Fig. S3). Mucin consumption with GOS
was lower with public goods metabolism than without (p=0.025, Fig. S3), as it also
was with 2’-FL.

For all simulations so far, we considered a fucosylated core-2 mucin structure, but,
due to genetic variation, some humans have intestinal mucins that are not fucosylated
[232, 73|. To examine the consistency of our results for the non-fucosylated core-2
mucin we repeated the simulations of all four conditions shown in Fig. 4.2C and
Fig. S4 for non-fucosylated core-2 mucin. For details see methods section ’Changes
to GEMs’. The alternative mucin structure led to similar results as with the de-
fault mucin structure, but significantly more E. coli in the conditions with lactose
(p<0.01) and GOS (p=0.04) (Fig. S4). This may be because E. coli in the model
can completely degrade the non-fucosylated mucin, but not the default mucin (see
methods section ’Changes to GEMs’ and table S2). The abundance of E. coli is still
within the ranges typically observed in vivo [3, 31].

To assess the effects of the simplifications made in the biomass reactions (ATP
production rate biomass), we next repeated conditions 1 and 3 from Fig. 4.2C with
biomass reactions different from the assumption that ATP production rate determines
biomass production, which we used in simulations so far. To test to what extent the
simulation results depend on the exact biomass reactions, here we compare the earlier
obtained results with results produced with four alternative biomass reactions: (1)
ATP production rate and acetate production rate, (2) only acetate production rate,
(3) ATP production rate and pyruvate production rate, or (4) ATP production rate
and ketoglutarate production rate. Acetate, pyruvate, and ketoglutarate are all used
as building blocks for bacterial biomass in E. coli in vitro [233]. Alternative biomass
reactions 1,3, and 4 required respectively 1, 3, and 5 mol of ATP to be produced
per mol of carbohydrate. This brings the ratio between carbon atoms and ATP
in line with those in the default biomass reactions of the GEMs [101], which we
used as the basis for our metabolic models. The carbon used in these GEMs is
used for amino acids, cell wall and cell membrane components, and regeneration of
other components. Alternative biomass reaction 1, ATP production rate and acetate
production rate, led to outcomes similar to those with the default biomass reaction

(Fig. S5 A&E). However, the populations of Lactobacillus gasseri were unable to
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grow on lactose with this alternative biomass condition, contrary to in vitro data
[234]. The other three alternative reactions led to model predictions that did not
match in vivo data (Fig. S5 B-D). With alternative 2 the model always predicted a
microbiota consisting nearly entirely of B. longum, which is not typically observed
in vivo [3, 31| (Fig. S5 B), while with alternative 3 and 4 the model predicted the
extinction of B. vulgatus in all simulations, which also does not match with in vivo
observations [3, 31] (Fig. S5 C&D).

We concluded that the model was robust for an alternative prebiotic oligosac-
charide, a non-fucosylated mucin, changes to the public goods production rate, and
several other parameter changes. However, the assumed biomass reaction greatly
impacted the predictions of the model. We decided not to continue with alternative
biomass reaction 2-4, as these led to unrealistic outcomes. Alternative biomass re-
action 1 led to predictions that were no worse than those with the default biomass
reaction, but also did not match the in vivo data better. A better match could
have been achieved by, for example, predicting a higher abundance of Firmicutes as
is sometimes observed in vivo [16]. Alternative biomass reaction 1 also led to L.
gasseri no longer growing on lactose, and possibly further inaccuracies, as requiring
acetate will block growth in some circumstances. We proceeded to use the biomass
function that required only ATP, as the resulting microbiota composition adequately
matched in vivo observations of microbiota composition while allowing for growth of
all GEMs [3, 31]. We discuss potential future improvements to the biomass reaction

in the discussion.

4.2.4 B. bifidum produces cross-feeding metabolites that may
allow it to be exploited by other bacteria

As we observed a bimodal distribution of mucin consumption in the model simulations
with 2’-FL and public goods 2’-FL metabolism (Fig. 4.2B), we hypothesized that
both a different metabolism and a different bacterial composition could be associated
with the high and low mucin consumption simulation results. We next investigated
why the model with public goods metabolism of 2’-FL led to (1) a lower mucin
consumption in some simulations, but not in others, (2) a high B. longum abundance,
and (3) a low B. bifidum abundance.

To gain insight into the potential mechanisms driving low versus high mucin

consumption, we visualized the metabolic interactions in the final 60 timesteps of a
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Figure 4.3: High consumption simulations show complex cross-feeding but
higher abundance of B. vulgatus than B. bifidum

(A,B,C) Visualisation of metabolic interactions in timesteps 10020 to 10080 (last 3 hours)
of a sample simulation (A) with 211 pmol lactose per 60 timesteps (B) with additional 211
pmol 2’-FL per 60 timesteps, public goods 2’-FL metabolism, and low mucin consumption
(C) with additional 211 pmol 2’-FL per 60 timesteps, public goods metabolism for 2’-FL,
and high mucin consumption. Line width is scaled with the flux per metabolite over the last
60 timesteps, multiplied by the carbon content of the molecule, with a minimum threshold
of 100 pmol atomic carbon.

(D) Average relative abundance of bacterial species in the condition with public goods 2’-FL
metabolism, split by low (<50%) or high (>50%) mucin consumption at the end of 21 days.
n=16&n=14, respectively.

(E) Absolute abundance of B. bifidum and B. vulgatus in the simulations with public goods
2’-FL metabolism and high mucin consumption. Data from the same simulation is connected
with a line. n=14.

NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001

simulation without 2’-FL (Fig. 4.3A), of a simulation with public goods metabolism
of 2-FL and low mucin consumption (Fig. 4.3B) and of a simulation with public
goods metabolism of 2-FL and high mucin consumption (Fig. 4.3C).

The network visualisations revealed notable differences between these three situ-
ations. In the control simulation without 2’-FL a complex community formed, with
high mucin consumption and extensive cross-feeding between B. longum and B. vul-
gatus (Fig. 4.3A). The simulation with 2’-FL and low mucin consumption showed
less diversity: it became dominated by 2’-FL consuming B. longum while non-mucin
consumers were predicted to cross-feed on lactate (Fig. 4.3B.) The high mucin con-

sumption simulation with 2’-FL had a distinct complex community, in which B.
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biftdum consumed 2’-FL, and many species cross-fed on the lactose produced as a
public good by B. bifidum (Fig. 4.3C). B. longum was only present at a very low
abundance in this simulation. From these networks we concluded that different com-
munities arose in the simulations with high mucin consumption compared to the
simulations with low mucin consumption.

To investigate the bacterial species associated with these communities in the
model we categorized the relative abundances of the simulations according to the
rate of mucin consumption (Fig. 4.3D). Low mucin consuming simulations (<50%
of mucin consumed, n=16) were consistently dominated by B. longum. High mucin
consuming simulations (>50% of mucin digested, n=14) instead showed a higher
abundance of B. bifidum, but also more E. coli and B. vulgatus. Interestingly, B.
biftdum was typically not the dominant species in either set of simulations. We
hypothesized that other species were taking advantage of the public good 2’-FL
metabolism by B. bifidum, and proceeded to analyze the relationship between B.
biftdum and the other species. In support of our hypothesis, B. vulgatus was more
abundant than B. bifidum (paired samples Wilcoxon test, p=0.02) and also positively
correlated (Spearman correlation,p<0.01,r=0.68) (Fig. 4.3E). This implies that B.
vulgatus benefited from a higher abundance of B. bifidum. B. vulgatus was the only
species within the high mucin consumption simulations to be both more abundant
and positively correlated (Fig. S6).

Altogether, we observed in our simulations that B. bifidum produced public goods
that were consumed by other species, but was consistently less abundant than B. vul-
gatus, leading us to hypothesize that B. vulgatus exploited B. bifidum’s metabolism
of 2’-FL.

4.2.5 B. bifidum is exploited when digesting 2’-FL but B.

longum is not

We continued to examine the possible interactions between B. vulgatus and B. bi-
fidum. In particular, we hypothesized that B. vulgatus could exploit B. bifidum only
in the public good model of 2’-FL metabolism, not without 2’-FL, nor with 2’-FL
modelled without public goods metabolism.

To further investigate possible interactions between B. wvulgatus and B. bifidum
in the model we studied a simplified model with only B. vulgatus and B. bifidum and

no other species. We then performed new simulations with the four conditions of

114



Chapter 4. HMO decreases mucin consumption by stimulating bacteria
that do not share extracellular resources in infant gut model

Fig. 4.2.

In the simulations with only B. bifidum and B. wvulgatus, both species became
abundant in absence of 2’-FL (Fig. 4.4A). In presence of 2’-FL, and with the non-
public good variant of 2’-FL. metabolism, B. bifidum became much more abundant
than B. vulgatus (Fig. 4.4A) . However, with public goods 2’-FL metabolism B. vul-
gatus became much more abundant than B. bifidum (Fig. 4.4A), despite B. vulgatus
not consuming 2’-FL itself. The cross-feeding network showed that without public
goods metabolism of 2’-FL, B. bifidum did not produce lactose as a public good
(Fig. 4.4B). In contrast, in the model with public goods metabolism of 2’-FL, B.
vulgatus fed on the lactose produced by B. bifidum from 2-FL (Fig. 4.4C). We con-
cluded that the model predicted that the public goods metabolism of 2’-FL caused
B. vulgatus to become relatively more abundant than B. bifidum, compared to the
condition without 2’-FL.

Mucin consumption in the limited consortium of B. bifidum and B. vulgatus was
high in all conditions, regardless of their relative abundances, as both species con-
sume mucin (Fig. 4.4D). To confirm whether B. longum reduced mucin consumption
in competition with B. vulgatus we repeated the conditions with lactose and non-
public goods digestion of 2’-FL (conditions 1-3), but with only B. longum and B.
vulgatus. As neither species can use public goods 2’-FL digestion we did not repeat
condition 4. In absence of 2’-FL (conditions 1&2), B. longum and B. vulgatus were
approximately equally abundant (Fig. 4.4E). In contrast with B. bifidum, in presence
of 2’-FL B. longum became consistently more abundant than B. vulgatus (Fig. 4.4E).
B. longum also did not create lactose from 2’-FL like B. bifidum did (Fig. 4.4F).
Mucin consumption with 2’-FL was also lower compared to the simulations without
2-FL (p<0.01,Fig. 4.4G).

In the limited consortium of B. longum and B. vulgatus the reduction in mucin
consumption with 2’-FL was small, and B. vulgatus was still consistently present. We
observed that B. vulgatus cross-fed on lactate produced by B. longum (Fig. 4.4F).
We hypothesize that the consumption of lactate may have allowed B. vulgatus to sur-
vive in this limited consortium, but that this does not occur in the full consortium
(Fig. 4.3D). We next added Roseburia inulinivorans, a lactate consumer from the
full consortium, to see if it could out-compete B. vulgatus and so lower mucin con-
sumption. R. inulinivorans indeed out-competed B. vulgatus (Fig. 4.4E) and mucin
consumption was indeed lower (Fig. 4.4G, p<0.01). To control for a possible effect

of R. inulinivorans on mucin consumption without 2’-FL or without B. longum we
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Figure 4.4: B. bifidum, but not B. longum, is exploited when digesting 2’-FL
(A) Average relative abundance of B. bifidum and B. vulgatus, with per 60 timesteps: 211
umol lactose, 422 pmol lactose, 211 pmol lactose and 211 pmol 2-FL with public goods
2’-FL metabolism, or 211 pmol lactose and 211 pmol 2’-FL without public goods 2’-FL
metabolism, at the end of 21 days. n=10 per condition

(B,C) Visualisation of metabolic interactions in sample simulations with only B. bifidum and
B. vulgatus for (B) the non-public goods metabolism and (C) the public goods metabolism.
Line width is scaled with the flux per metabolite over the last 60 timesteps, multiplied by
the carbon content of the molecule, with a minimum threshold of 100 pmol atomic carbon.
Data from the last 3 hours, step 10020 to 10080.

(D) Amount of colonic mucin digested by the microbiota as a percentage of total mucin
released into the gut over the final 3 hours of the model, per condition of A. n=10 for each.
(E) Average relative abundance of B. longum and B. vulgatus, with 211 pmol lactose, 422
umol lactose, or 211 pmol lactose and 211 pmol 2’-FL per 60 timesteps, at the end of 21
days. The simulations of the bar furthest to the right also include R. inulinivorans.

(F) Visualisation of metabolic interactions in a sample simulation with only B. longum and
B. vulgatus. Line width is scaled with the flux per metabolite over the last 60 timesteps,
multiplied by the carbon content of the molecule, with a minimum threshold of 100 pmol
atomic carbon. Data from the last 3 hours, step 10020 to 10080.

(G) Amount of colonic mucin digested by the microbiota as a percentage of total mucin
released into the gut over the final 3 hours of the model, per condition of E. n=10 for each.
NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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performed several additional simulations. With B. longum, B. vulgatus and R. inulin-
worans without 2’-FL there was no reduction in mucin consumption compared to the
same condition without R. inulinivorans (Fig. STA&B, p>0.05). With B. bifidum,
B. vulgatus and R. inulinivorans there was also no reduction in mucin consumption
compared to the same condition without R. inulinivorans (Fig. STC&D, p>0.05).
We therefore concluded that B. longum could indeed reduce mucin consumption in
the model with 2’-FL, in contrast to B. bifidum.

In conclusion, the model predicts that B. bifidum is exploited by B. vulgatus when
it grows on 2’-FL. This happens because of the public good metabolism of B. bifidum.
The model also predicts that when B. longum grows on 2’-FL it is not exploited by B.
vulgatus, because B. longum does not produce public goods. This allows B. longum
to out-compete B. vulgatus. Because B. longum does not consume mucin, mucin
consumption is lower when it out-competes the mucin consumer B. vulgatus. B.
longum metabolites can also feed a non-mucin consuming lactate consumer that can

out-compete B. vulgatus, further lowering mucin consumption.

4.3 Discussion

To provide a mechanistic explanation for why breastfeeding modifies the microbiota
in such a way that the microbiota consumes less mucin we created a multiscale
mathematical model in this study. Concretely, the model predicts that the HMO 2’-
FL stimulates non-mucin consuming species at the expense of mucin consumers, thus
suggesting a plausible mechanism for the potentially beneficial effect of human milk
on mucin consumption [219]. The mechanism predicted by the model is as follows: 2’-
FL is consumed by B. longum, enabling it to out-compete mucin consuming species.
B. bifidum, which consumes both mucin and 2’-FL, will lose the competition against
B. longum in a complex community, because of its extracellular metabolism of 2’-FL.
This extracellular metabolism allows competitors to consume intermediate digestion
products. B. longum digests 2’-FL intracellularly and is, therefore, not sensitive to

such exploitation of the public goods as produced in extracellular metabolism.

4.3.1 Comparisons with experimental data

Several in vivo and in vitro observations agree with our model predictions. Our
model predicted that B. bifidum can consume mucin (Fig. 4.1C&D). In addition,
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when the model included public goods metabolism of mucin, A. hallii could cross-
feed on the public goods that B. bifidum produced from mucin, in particular galactose
(Fig. 4.1D). These predictions agree with experimental observations: B. bifidum has
been shown to grow on mucin and A. hallii has been shown to grow on digestion
products of B. bifidum, including galactose, in vitro [27]. The model also predicted
that B. bifidum can consume 2-FL (Fig. 4.3C). When the model included public
goods metabolism of 2’-FL, the model predicted that B. bifidum will produce lactose
and fucose which could be taken up by other species (Fig. 4.3C&4.4C). This is in line
with in vitro observations [220, 235|. Furthermore, the model predicted that 2’-FL
will stimulate the growth of B. longum in the infant gut microbiota (Fig. 4.2C). This
is a consequence of B. longum consuming 2’-FL intracellularly, thereby not producing
public goods that could be used by competitors (Fig. 4.2C & 4.4E). In agreement
with this prediction, a high abundance of B. longum has also been observed in vivo
as an effect of 2’-FL supplementation [225] or breastfeeding [53]. The model also pre-
dicted that the microbiota consume less mucin in the presence of 2’-FL (Fig. 4.2D).
This is a result of the non-mucin consumer B. longum getting a competitive advan-
tage over mucin consumers by 2’-FL in the model (Fig. 4.2C). In agreement with
this, less mucin is digested in in vitro fermentations using fecal samples of breastfed
infants compared to fermentations using stool samples of formula-fed infants [219].
Within the simulations with 2’-FL, the model also predicted that a high abundance
of B. longum reduces mucin consumption by the microbiota in the presence of 2’-
FL (Fig. 4.3D). In agreement with this prediction, high abundance of B. longum is

correlated with reduced mucin consumption in vivo in breastfed infants [30].

The simulations also predicted that in the presence of 2’-FL the public goods
produced by B. bifidum get consumed by B. wvulgatus, which prevents B. bifidum
from becoming abundant. In agreement with this prediction, B. bifidum has been
shown to stimulate a, as of yet undetermined, species within the Bacteroidaceae,
the family that contains B. vulgatus, in the mouse gut [236]. No in wvitro research
is available on the competition or cooperation between B. bifidum and B.vulgatus
in isolation. However, there are some in vitro studies on competition between B.
bifidum and the non-HMO consumer Bifidobacterium breve when fed with HMOs
[224, 83]. These studies reported contradictory results: B. breve became less abun-
dant than B. bifidum in a short-term in vitro experiment [224|, whereas it became
more abundant than B. bifidum in a chemostat experiment with a continuous input

flow of 2-FL and output flow of metabolites [83]. The flow rate seems to explain
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the latter results. In the chemostat experiment containing a co-culture of B. bifidum
and B. breve, the two species together were much less abundant after the flow rate
was reduced [83]. However, in a mono-culture of B. bifidum alone, reducing the flow
rate only had a minor effect on the bacterial abundance [83]. This suggests that the
flow rate particularly impacts bacterial interactions. The authors hypothesised that
reduced substrate availability was the main cause of the observed reduction in bacte-
rial abundance, but this does not explain why monocultures were less affected than
co-cultures [83]. Interestingly, in vitro research on public goods production and con-
sumption by two Bacteroides species actually found that high flow rates decreased
public goods consumption and total abundance [237]. As both high and low flow
rates caused a low total abundance and public goods consumption, intermediate flow
rates may be important for bacterial abundance and public goods consumption in
these systems. Computational modelling of a wide range of 2’-FL and public goods
concentrations may help determine what factors are important in the outcome of

bacterial competition in the infant gut.

4.3.2 Public good interactions in other microbial systems

The model predicts a crucial role for public goods metabolism and cross-feeding on
public goods in determining the abundances of major species. Public goods mechan-
ics has been previously studied in vitro in budding yeast (S. cerevisiae)[88]. Some
members of this species break down sucrose into glucose and fructose extracellularly
with the enzyme invertase, but loses 99% of the glucose produced to diffusion [88].
This leads to a dynamic community of invertase producers and non-producers. The
non-producers can survive by feeding on the glucose produced by other cells, and
have a competitive advantage by not having to expend any energy to produce inver-
tase. A wide spectrum of yeast communities has been described, and co-existence
between producers and non-producers is typical [88, 228]. In co-existence, the pro-
ducers generate enough public goods to feed both themselves and a non-producing
population. Co-existence is maintained because of a ’snowdrift game’ where the
less common strategy (producing or not producing) has an advantage over the more
common strategy [88]. In the yeast system, the ratio of producers to non-producers
depends on the cost associated with production [88]. High cost or low efficiency of
production leads to a smaller fraction of producers [88]. In our model, B. bifidum is

the only producer of public goods from 2’-FL, and all other species are non-producers.
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Co-existence between B. bifidum and other species also occurred in most of our sim-
ulations, implying that our model is somewhat similar to the system studied in yeast
[88]. However, the assumptions and predictions of our model also differ in several
ways from the yeast system. In the first place, there is no direct cost associated
with public good production for B. bifidum in our model, in contrast to the yeast
system [88]. In yeast, the cells expend energy to create invertase, which is modelled
by directly decreasing their growth [88]. We do not represent such a direct cost in
our model. The yeast system predicts that producers are more abundant than non-
producers when public goods production has low or no cost [88]. Despite the lack of
a direct cost for the producer B. bifidum in our model, it was still less abundant than
most other species. This may be because B. bifidum suffers an implicit cost from its
metabolism, which gives it a competitive disadvantage. In contrast to B. longum, B.
bifidum cannot actively transport 2’-FL into the cell [222]. Furthermore, B. bifidum is
not able to consume fucose like B. vulgatus can [93|. An additional explicit metabolic
cost for B. bifidum, as the producer has in the model of [88], may further reduce its
abundance. However, this cannot change the model prediction that B. bifidum is
much less abundant than B. longum. Secondly, in contrast to the yeast system where
digestion of sucrose is always extracellular, B. longum digests 2’-FL intracellularly.
Such an ecological role has been coined the 'loner’ type in in vitro cultures of Pseu-
domonas aeruginosa strains. 'Loners’ consume the substrate by themselves without
producing public goods. In the P. aeruginosa system, loners exist next to producer
and non-producer types. The loner type outcompetes non-producers, because the
producers can obtain more substrate than the non-producers [238]. The produc-
ers outcompete the loners because they can obtain more substrate, as extracellular
metabolism is more efficient [238]. ’Loners’ have also been created through genetic
modification in an in vitro budding yeast community [239]. As expected, yeast loners
outcompete non-producers, but in contrast to P. aeroginosa, they also outcompete
producers. In addition, yeast loners died out after they outcompeted producers. Our
model predicts that, like the ’loner’ type in yeast, B. longum typically outcompetes
both non-producers and producers (Fig. 4.2C). However, in our model, B. longum
does not die out, as its metabolism is efficient enough to maintain a large popula-
tion in the absence of a producer (Fig. 4.3B&D). Thus, neither of the ’loner’ types
described previously are an exact equivalent to the role the model predicts for B.
longum. A third difference between the yeast system and the model predictions is

that in the yeast system producers are more abundant when public good production
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is more efficient, due to a higher sucrose concentration. In contrast, the outcome
of our model did not depend strongly on the amount of public goods produced per
timestep by each population (Fig. S2). The lack of dependence on the rate of public
goods production may be because of several reasons. The presence of other food
sources, such as lactose, may dampen the effect of variation in public good availabil-
ity in our model. Alternatively, B. bifidum may be so limited by its metabolism that
more eflicient public goods production cannot compensate sufficiently to significantly
increase its abundance. Finally, diffusion may cause the local concentration of 2’-FL
to become too low to allow for more public goods to be produced. Further study

could determine what factor is decisive in our system.

4.3.3 Comparison to the infant gut microbiota composition

We can compare the model predictions for the relative abundances of species in the
infant gut with available in vivo data. Our model predicts which species from our
selection of 21 species become abundant in the infant gut in response to specific
interventions. The simulations with lactose, as the only carbon source, i.e. with-
out 2’-FL, predicted that Escherichia, Bacteroides and Bifidobacterium become the
most abundant genera, in agreement with in vivo data on infants at the age of three
weeks [3, 31]. The model simulations with 2’-FL also predicted a high abundance
of Bifidobacterium, which matches in vivo data [53, 225]. However, also various dis-
crepancies were found between the model predictions and in vivo data. Firstly, the
model predicts a gut microbiota composition typically consisting of only a few species
(Fig. 4.2C), whereas in vivo measurements have shown that the gut microbiota con-
sists of dozens of species [31]. Most of these species have a low abundance in vivo,
but they may still influence the dynamics of the total system [3, 74]. The inclusion
of more species, a more extensive portrayal of bacterial metabolism combined with
more complex nutritional input into the model will most likely further increase the
accuracy and representativeness of the model. Secondly, the model does not predict
a dominance of Bacillota, such as Lactobacillus or Streptococcus species, in any of
the simulations (Fig. 4.2C), in contrast with in vivo data where such dominance is
sometimes seen (e.g. in 18% of infants [16]). Although it is unclear why this is seen
in vivo, there is a positive correlation with lower gestational age and defective mucin
barrier [196, 33]. These are factors that we did not include in the model. Lastly,

the model does not reproduce differences in Bifidobacterium abundance as a result of
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mucin fucosylation (Fig. S4), as has been observed in an in vivo study [73]. It is un-
clear why different mucin fucosylation leads to different Bifidobacterium abundances
[73]. Thus, it is also unclear what additions could be made to the model to improve

these predictions.

4.3.4 Future extensions

Discrepancies are likely the result of the model’s incomplete and simplified repre-
sentation of many aspects of the infant gut and the infant gut microbiota. At the
species level, the selection used in the model is incomplete, as we do not include the
vast majority of bacterial species present in the early developing infant gut [3]. We
also do not include any viruses, fungi or archaea, which may play a significant role
in metabolic interactions in the infant gut [200]. Future versions of the model may
include a larger consortium of species. On a metabolic level, flux balance analysis
(FBA) requires many assumptions regarding bacterial metabolism, growth rate and
biomass production [13, 240]. We have examined the effect of different biomass reac-
tions on the model predictions (Fig. S6) and found that the predictions were similar
when the biomass reaction included acetate in addition to ATP, but not when other
biomass reactions were used. This shows that the model can reproduce many results
when carbon is taken up and used for growth, but that it is sensitive to the specific
manner in which carbon is used for growth. These differences are most probably
caused by the differences in FBA solutions. These, in turn, depend on the GEMs.
Further study of the internal reactions used with the different biomass reactions may
shed more light on why the system is so sensitive to these variations. Furthermore,
only biomass reactions consisting of a single carbohydrate or a single carbohydrate
plus ATP were tested. In reality, however, bacterial metabolism requires many more
components, including amino acids, nucleotides and cell wall components. Ideally,
all these should be included in the biomass reaction. However, these cellular compo-
nents all include nitrogen, which requires a good modelling of nitrogen availability
and metabolism in the gut to be implemented in the system. The addition of such
a system to future versions of the model will likely lead to more complex dynamics,
as amino acids are also a cross-feeding substrate for some species [241] and protein
content in infant formula influences microbiota composition [242]. Despite these dis-
crepancies, the assumption that the ATP production rate corresponds with biomass

production allowed the model to create accurate predictions for both the overall com-
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position of the microbiota and the relative abundances of B. longum and B. bifidum.

The model is currently limited to a simplified representation of mucin. Only two
different mucin structures are used in the model, but many more mucin structures
exist. In vivo mucin structure is highly diverse and contains a greater number of
(more complex) mucins compared to the mucin structures used in our model [87, 243].
A more realistic representation of mucin in the model would possibly result in more
accurate model predictions about the developing gut microbiota when implemented.
Furthermore, although human milk contains about 200 HMO structures, we focused
our modeling on 2’-FL, as 2’-FL is the most abundant oligosaccharide in most human
milk [244]. We also modelled GOS, as it is a common component of infant formulas
[71]. If other HMOs were to be included in the model, this would lead to more
complex metabolic interactions as these HMOs are digested using different enzymes
[222]. A final limitation of the current model is that it does not include factors like
gut pH or the influence of the host immune system [245, 246]. These factors could
also influence interactions and competition between bacteria in the infant gut, and

thus influence the predictions of the model.

4.3.5 Potential health implications

The model predictions may have implications for the health and well-being of in-
fants. Although it is currently unclear how the consumption of mucin by the gut
microbiota directly impacts infant health, the observation that there is lower con-
sumption of mucin in breastfed infants may suggest that mucin is important for
normal growth and development of infants. This could be illustrated by the fact that
breastfed infants are more protected against IBD and Crohn’s disease later in life
than formula-fed peers [247], as both disorders having been associated with damage
to the mucin layer in the gastrointestinal tract [248]. Strategies to prevent mucin
loss, like nutritional interventions with 2’-FL or GOS as described in this paper, can
be important in this light. Of course, other effects of breastfeeding, such as immune

system modulation [187, 249], may also play a role.

4.3.6 Outlook

Future versions of the model may consider a greater number of bacterial species, as
well as a more complex representation of metabolism and metabolite sharing that

could for instance include amino acids, nucleotides, and other oligosaccharides. The
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model can also be extended to simulate the adult gut. As dietary fiber becomes more
abundant in the nutrition of infants after weaning [250], extracellular metabolism and
public good dynamics may play an even larger role during childhood, adolescence
and adulthood. Such extensions may provide further insights into the public good

dynamics at work in the human gut.

4.4 Methods

4.4.1 Model overview

We have extended a multiscale spatial model of the infant gut. The model is based
on our earlier models of the human microbiota [122] and of the infant microbiota
in particular [103, 229]. The major additions to this extension of the model are the
inclusion of mucins and the public goods metabolism of mucins, GOS, and 2’-FL. In
short, the model consists of a regular square lattice of 225 X 8 lattice sites (Fig. 4.2A).
Each lattice site can contain a single population of a single species (Section 4.4.2,
'Species composition’). Each species is represented by a genome-scale metabolic
model, to which we have made some improvements to (Section 4.4.3, ’Changes to
GEMs’). Each lattice site can contain any number of nutrients and metabolites in
any concentration. Metabolism is calculated for each population using flux balance
analysis (FBA, section 4.4.4, "FBA approach’). We have developed both a non-spatial
(section 4.4.5, Non-spatial model’) and a spatial version of the model (section 4.4.6
,’Spatial model’). In the non-spatial model all populations, nutrients, and metabo-
lites diffuse throughout the whole system every timestep. In the spatial model the
populations, nutrients, and metabolites diffuse locally (Fig. 4.2A 2&3). To mimic
movement through the gut all nutrients and metabolites also advect by one lattice
site each timestep in the spatial model (Fig. 4.2A 4). Nutrients are input into the
system at regular intervals to allow for metabolism (Section 4.4.7, 'Nutrient input’).
To represent the public-goods producing digestion of extracellular oligosaccharides,
such as mucin, GOS, and 2-FL, we have also created an additional model variant
(Section 4.4.8 "Extracellular metabolism’). In this variant FBA is not used to calcu-
late the breakdown of extracellular oligosaccharides. Finally, the model is initialised
with randomly placed populations of all species, and the populations are allowed to
grow and divide (Section 4.4.9 ’Population dynamics’). This ultimately leads to a

model that predicts a dynamic ecosystem with complex bacterial compositions and
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interactions, as we describe in the results.

4.4.2 Species composition

We selected the list of species to represent in the model (Table 4.1) from [3], using
sheet 2 of their Table S3. We selected the 20 entries with the highest prevalence
in vaginally delivered newborns. After removing two duplicate entries we selected a
genome-scale metabolic model (GEM) of a species from each genus from the Virtual
Metabolic Human database, generated in the AGORA project [10]. We then added an
additional Bifidobacterium breve and Bifidobacterium biftdum GEM to represent the
diversity of Bifidobacterium species in the infant gut [164]. We also added a GEM

of Roseburia inulinivorans, as in our previous model [229]. Roseburia spp. have

been shown to be prevalent butyrate producing bacteria in infants in other studies
[20]. The populations of Roseburia inulinivorans, Eubacterium hallii, and Clostridium

butyricum are pooled and listed as "Butyrate producers" in the visualisations.

4.4.3 Changes to GEMs

We applied various changes and additions to the GEMSs, as in our previous version
of the model [229]. A full list of changed and added reactions is in table S1. We will

Table 4.2: Parameters of the model

Parameter Value Unit

Lattice side length 2 mm

Width of lattice 225 lattice sites

Height of lattice 8 lattice sites

Timestep 180 seconds

Initial populations 540 average number

New population placement probability 0.00005 per timestep per empty lattice site
Population death probability 0.0075 per timestep per population

Initial size per population 5107 no. of bacteria

Population size to create new population | 1-1010 no. of bacteria

Maximum population size 21010 no. of bacteria

ATP to grow one cell 1-1071° | mol

Enzymatic constraint 2 nmol flux per timestep per 1- 1010 bacteria
Public goods production rate 2 pmol per nutrient per timestep per 1 - 1010 bacteria
Nutrient input 211 umol per nutrient every 60 timesteps
Mucin input 0.5 umol per timestep

Initial oxygen 0.1 pmol per lattice site

Metabolic advection 2 mm per timestep

Diffusion of metabolites and bacteria 6.3-10° square cm per second
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highlight the more notable changes here. We disabled anaerobic L-lactate uptake for
the Bifidobacterium and E. coli GEMs [158, 208] and added a lactose symporter to
Anaerobutyricum hallii [27], all Bifidobacterium GEMs [209], Roseburia inulinivorans
[210], Haemophilus parainfluenzae [211], and Rothia mucilaginosa [212]. We also
added galactose metabolism to R. inulinivorans [213] and R. mucilaginosa [212]. We
have added metabolism of GOS to the B. longum, B. breve and B. bifidum GEMs
and 2’-FL metabolism to the B. longum and B. bifidum GEMs. B. longum imports
2-FL using an ABC transporter [251] and digests it to lactose and fucose inside
the cell. B. bifidum breaks down 2’-FL to lactose and fucose using an extracellular
fucosidase [220]. B. longum and B. breve import DP3 fractions of GOS intracellularly,
and digest them to to monosaccharides using beta-galactosidases [85]. B. longum
and B. breve break down fractions longer than DP3 extracellularly using glycoside
hydrolases [86, 231]. B. bifidum digests all fractions extracellularly to lactose and
galactose using extracellular beta-galactosidases [230]. We also added a fucosidase
reaction to B. biftdum to allow it to remove fucose groups from mucin in line with
the available literature [252].

4.4.4 FBA approach

We use a modified version of flux balance analysis with an enzymatic constraint
[13, 100], as in previous model versions [103]. First, each GEM is converted to
a stoichiometric matrix S. Reversible reactions are converted to two irreversible
reactions, so that fluxes will be greater than or equal to 0. Reactions identified
in the GEM as ‘exchange’, ‘sink’, or ‘demand’ take up or deposit metabolites into
the environment. We assume that intracellular regulation occurs at a much faster
rate than any extracellular dynamics, including population growth and spread and
diffusion of extracellular metabolites. Subject to this separation of timescales, we

can assume that all reactions are in internal steady state:

S-f=0, (4.1)

where f is a vector of the metabolic fluxes through each reaction in the network,
in mol per time unit per population unit. Thus we apply a flux-balance analysis
approach [13] to predict exchange fluxes as a function of extracellular concentrations.
Each exchange reaction that takes up metabolites from the environment Fj, is

constrained by an upper bound F,; which represents the availability of metabolites
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from the environment. It is determined as follows:

Fin < Fup, (42)
where F_Zn is a vector of fluxes between the environment and the bacterial pop-
ulation. ﬁub is a vector of upper bounds on these fluxes. ﬁub is set dynamically at

each timestep ¢ by the spatial environment at each lattice site X:

27, 1)

B(X,t)’

T

ub (X, 1) = (4.3)

where ¢ is a vector of all metabolite concentrations in mol per lattice site, X is
the location and B(X, 1) is the size of the local bacterial population [103]. F,y is set
to 0 for any metabolite for which the public goods metabolism system is enabled for
the local bacterial population (see section 'Extracellular metabolism’).

The total flux through the network in each FBA solution is constrained by the
enzymatic constraint a, in mol per time unit per population unit [103, 100]. The
enzymatic constraint represents the maximum, total amount of flux that can be

performed per cell in each population:

> f<a (4.4)

As both f and a are given as a flux per population unit, this limit scales lin-
early with population size. Given these constraints, FBA uses linear programming
to identify a solution that optimizes the objective function, ATP production. The
solution consists of a set of input and output exchange fluxes F_;n (%,1) and F;m (*,1),
and a growth rate g(¥,¢). The exchange fluxes are taken as the derivatives of a set
of partial-differential equations to model the exchange of metabolites with the envi-
ronment. The size of the population increases proportionally to the growth rate in
the FBA solution. Populations above 2-10'° bacteria do not perform metabolism to

mimic quiescence at high densities.

4.4.5 Non-Spatial model

For the simulations of Fig. 4.1 we used a non-spatial version of the model to represent
well-mixed in wvitro conditions. All nutrients and metabolites are spread across all

lattice sites at the end of each timestep. All populations are moved to random
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locations at the end of each timestep. This eliminates spatial variation in metabolism.

The change in concentration per lattice site is thus determined as follows:

dé(x,t - - EP o
Elt ) = Four (X, 1)B(X, 1) — Fin(X,1)B(X, 1), (4.5)

where F;u, (X,1) is a vector of fluxes from the bacterial populations to the envi-
ronment, in mol per time unit per population unit. All other parameters, including

the lattice size, are as in the spatial model.

4.4.6 Spatial model

For all simulations after those of Fig. 4.1 we used a spatial version of the model. This
version also used a regular square lattice of 225 x 8 lattice sites. In the spatial model
mixing by colonic contraction is mimicked by diffusion. To each lattice site we apply

the exchange fluxes as predicted by the FBA solution, yielding:

dc(x,t - . - . D g o
Eh ):Fout(x,t)B(x,t)—Fin(x,t)B(x,t)+ﬁ > (E@n-cEn).  (16)
{eNB(X)

where D is the diffusion constant, L is the lattice side length, and NB(X) are the
four nearest neighbours.

Diffusion is applied to the metabolite concentrations on each lattice site at each
timestep to represent mixing by colonic contractions. Metabolic diffusion is applied
twice during each timestep. FEach time it is applied, 14.25% of each metabolite
diffuses from each lattice site to each of the four nearest neighbours. This causes a
net diffusion each timestep of 6.3 - 10° ¢cm?/s. To mimic advection all metabolites
except oxygen are moved distally by one lattice site every timestep. The transit time
through the colon is approximately 11 hours in the model, corresponding with in vivo
observations in newborn infants [141, 142]. Metabolites at the most distal column of
the lattice, the end of the colon, are removed from the system at each timestep. This

represents the simulated feces.

4.4.7 Nutrient input

The secretion of mucin is mimicked as follows: each timestep a small concentration

of mucin is added to the bottom-most row of the model. We used a core-2 mucin
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with one additional fucose, known in the VMH database as 'MGlcn23 rl’, except for
the simulation of Fig. S4. Here a core-2 mucin without additional fucose was used,
known in the VMH database as 'core2 rl’. In most simulations nutrients representing
inflow from the small intestine are inserted into the first six columns of lattice sites
every 60 timesteps, representing three hours, a realistic feeding interval for newborn
infants [175]. Food intake contains 211 pmol of lactose ("lcts’ in the VMH database)
by default, a concentration in line with human milk [66], assuming 98% host uptake
of carbohydrates before reaching the colon [131]. In some simulations 211 pmol of
additional lactose, GOS, or 2’-FL is added. 2’-FL and GOS were not present in the
VMH database. GOS is inserted as separate fractions of DP3, DP4, or DP5 based
on analysis of the composition of Vivinal-GOS [206]. 64% is DP3, 28% is DP4 and
8% is DP5. Water ("h20’ in the VMH database) is provided in unlimited quantities.

4.4.8 Extracellular metabolism

We will now discuss the details of extracellular public-goods producing metabolism in
our model. The GEMs of many species in our model contain reactions for the extra-
cellular breakdown of oligosaccharides, such as mucins. We created a separate system
for public goods-producing extracellular metabolism. In the simulations where this
system was enabled, the oligosaccharides were excluded from FBA. Instead, F_;n val-
ues for extracellular oligosaccharides were set directly by the environment as follows:
The model applies each extracellular reaction at a rate of 2 pmol per 1-10'° pop-
ulation per timestep. This is entered into the sets of input exchange fluxes Fiy and
output exchange fluxes F;ut. If two reactions can apply to a substrate, and insuffi-
cient substrate is available for each reaction to apply fully, each reaction is applied
to half the remaining substrate. As no substrates have more than two reactions as-
sociated with them in our model, this ensures that breakdown is limited to the total

amount of substrate available:

(4.7)

The change in concentration of metabolites is still determined by eq. 4.5 in the

non-spatial model and eq. 4.6 in the spatial model.

Because the fluxes from the FBA and the separate extracellular metabolism are

applied simultaneously they cannot interact within their own timestep. Diffusion

129




4.4. Methods

and advection are applied before the products can be used by FBA. The public
goods metabolism is applied to mucins in all simulations of the model, except those
in Fig. 4.1C. The public goods metabolism is also applied to extracellular 2’-FL or
GOS, and is noted as "public goods" when used. All reactions related to 2’-FL and
GOS breakdown are listed in S1 table. All mucin breakdown reactions are listed in
table S2. In short, this approach lets us mimic the production of a larger variety and

quantity of public goods from oligosaccharides than the FBA approach does.

4.4.9 Population dynamics

The model is initialized by giving each lattice site a probability of 0.3 to generate
a population of 5 - 107 bacteria of a single random species. To this end, a GEM
corresponding with this species (section 'Species composition’) is associated with
this lattice site. The exchange rates of metabolites for each population are calculated
using FBA, based on the GEM, the enzymatic constraint a, its current population
size B(X,t) and the local concentrations of metabolites ¢(X, ¢). The outcome is applied
to the environment (eq. 4.6) and the growth rate g(¥,¢) to the local population size,

as follows:

dB(%,1)
dt

After initialisation, new bacterial populations can be created through reproduc-

= B(E.1)g(%.1). (4.8)

tion (1) or introduction of new species (2). To mimic reproduction (1), each popu-
lation of at least 1-10'° bacteria (Table 4.2) creates a new population of the same
species in an adjacent empty lattice site. Half the population size is transferred to
the new population, so that biomass is conserved. To mimic introduction of species
(2), a new species is selected at random with equal probability and is introduced into
an empty lattice site with a probability of 0.00005 for each empty lattice site. We
initialize these populations at the same population size B as the initial populations
in the model (Table 4.2). Finally, population are removed from the system with a
probability of 0.0075 per population per timestep.

To mix the bacterial populations, the lattice sites swap population contents each
timestep. We use a random walk algorithm based on Kawasaki dynamics [176],
also used previously [103, 122|. Each site is addressed in a random order, and the
contents are swapped with a site randomly selected from the Moore neighbourhood.

The contents consist of the bacterial population size B(X,¢) and the GEM. The swap
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only occurs if both the origin and destination site have not already swapped in this
timestep. With this mixing method the diffusion constant of the bacterial populations
is 6.3 - 10%cm? /s, equal to that of the metabolites. Bacterial populations at the most
distal column, i.e. at the exit of the colon, are removed from the system. To increase
the bacterial diffusion rate in the sensitivity analysis this process was executed five
times, marking all sites as unswapped after each execution. To decrease the bacterial
diffusion rate the number of swaps was limited to a fifth of the usual number of

swaps.

4.4.10 Validity checks on FBA solutions

We performed a number of checks on the FBA solutions to ensure the model produces
plausible predictions. We first checked whether the right species could grow on
lactose. In line with in wvitro literature all GEMs could grow on lactose, except
Veillonella disparans [95], Cutibacterium acnes [195], Eggerthella sp. YY7918 [214],
and Gemella morbillorum [215]. No GEM could grow without a substrate. We also
checked each FBA solution for thermodynamic plausibility during the simulations
using a database of Gibbs free energy values [173]. Values for 2’-FL, GOS, and mucin
structures were generated using the values for their monosaccharides. All values
assumed a pH of 7 and an ionic strength of 0.1 M, which are close to cytoplasmic
values for common gut bacteria under acidic gut conditions [253, 254, 255]. Energy
loss [ in joules per timestep per population unit was recorded as follows, where i are
metabolites, F is the exchange flux rate in mol per timestep per population unit and

E contains the Gibbs free energy in joules per mol for each metabolite,

l= ZF(i) CE(i). (4.9)

In the simulations of Fig 4.2 with 211 pmol of lactose per 60 timesteps (n1=30)
99.6% of all FBA outcomes had a lower or equal amount of Gibbs free energy in the
output compared to the input. The remaining 0.4% of FBA solutions was responsible
for 0.07% of total bacterial growth. In the simulations with an additional 211 pmol
of 2’-FL per 60 timesteps and public goods metabolism of 2’-FL (n=30) 99.3% of
all FBA outcomes had a lower or equal amount of Gibbs free energy in the output
compared to the input. The remaining 0.7% of FBA solutions was responsible for
0.04% of total bacterial growth.
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4.4.11 Parameters

Parameters of the system are listed in table 4.2. We estimate that the infant colon
has a volume of 90ml [135, 136]. This leads to a rough estimate on the order of
10'? bacteria in the newborn infant colon given an abundance per ml of around
100 [5]. Values for free parameters were estimated and evaluated in the sensitivity
analysis(Fig. S2).

4.4.12 Implementation details

The model is implemented in C++ 11 with libSBML 5.18.0 for C++ to load GEMs
and the GNU Linear Programming Kit 4.65 (GLPK) to solve the FBA problems.
Random numbers were generated with Knuth’s subtractive random number generator
algorithm [256]. Diffusion of metabolites was implemented using the Forward Euler
method. The model is based on our own earlier models of the gut microbiota [122,
103, 229]. GEMs are sourced from the May 2019 update of AGORA, the latest at time
of writing, from the Virtual Metabolic Human Project website (vmh.life). We used
Python 3.6 to extract thermodynamic data from the eQuilibrator API (December
2018 update) [173]. All p-values were calculated with R 4.2.2. Unless noted otherwise
p-values were calculated using the Mann-Whitney test. Model screenshots were made
using the libpng16 and pngwriter libraries. Other visualisations were performed with
R 4.2.2. Raincloud visualisations used a modified version of the Raincloud plots
library for R [216].

4.5 Supplemental material

Available from

drive.google.com/drive/folders/11pW77mica7ugorC0Gg8MwCaaniS9PWrz

S1 Table

Sltable.csv
A table of changes made to the AGORA models as a .csv file.

132



Chapter 4. HMO decreases mucin consumption by stimulating bacteria
that do not share extracellular resources in infant gut model

S2 Table

S2table.csv

A table of mucin reactions used for public goods metabolism as a .csv file.
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(A) Average relative abundance of bacterial species in the condition with 2’-FL with
either the public good production rate reduced to a tenth, halved, or increased to
double. n=30 for each condition.

(B) Amount of colonic mucin digested by the microbiota as a percentage of total
mucin released into the gut over the final 60 timesteps of the model, per condition

corresponding to A. n=30 for each condition
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S2 Figure

(A to J) Average relative abundance of bacterial species in the conditions with
only lactose, or with 2’-FL and public goods 2’-FL metabolism, at the end of 21
days, with the following alteration from the baseline of Fig. 4.2A: (A) Enzymatic
constraint loosened by a factor of 2, to 4 umol flux per timestep per 1-10'° population
(B) Enzymatic constrained tightened by a factor of 2, to 1 nmol flux per timestep
per 1-10'° population (C) Growth decreased by a factor of 10, by increasing the
ATP required to grow one bacteria to 1- 1074, with the death probability decreased
to 0.00075 per population per timestep. (D) Growth increased by a factor of 10
by decreasing the ATP required to grow one bacteria to 1-107'6, with the death
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probability increased to 0.075 per population per timestep (E) Colonisation removed
by setting the probability for new populations to be placed after initialization to 0
(F) Colonisation increased by a factor of 10 by setting the probability per empty
lattice to acquire a new population to 0.0005 per timestep (G) Diffusion of both
metabolites and bacteria decreased by a factor of 5 to 1.26-107% ¢cm? /s (H) Diffusion
of both metabolites and bacteria increased by a factor of 5 to 3.15- 1075 em? /s (I)
No initial presence of oxygen (J) Initial oxygen increased to 1 pmol per lattice site
(K) No secretion of mucin (L) Secretion of mucin increased to 2.5 pmol per timestep.

For each figure: n=30 for each condition, each simulation is weighed equally.
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(A) Average relative abundance of bacterial species in the condition with GOS
without public goods metabolism of GOS or GOS with public goods metabolism of
GOS at the end of 21 days. n=30 for each condition.

(B) Amount of colonic mucin digested by the microbiota as a percentage of total
mucin released into the gut over the final 60 timesteps of the model, per condition.

n=30 for each condition
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S4 Figure

(A) Average relative abundance of bacterial species with non-fucosylated mucin
instead of fucosylated mucin in each condition from Fig. 4.2and Fig. S4 at the end
of 21 days. n=30 for each condition.

(B) Amount of colonic mucin digested by the microbiota as a percentage of total
mucin released into the gut over the final 60 timesteps of the model, per condition.

n=30 for each condition
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(A-D) Average relative abundance of bacterial species at the end of 21 days with the
following alternative biomass reactions: (A)ATP + acetate (B) acetate (C) ATP +
pyruvate (D) ATP + ketoglutarate n=30 for each condition.

(E-H) Amount of colonic mucin digested by the microbiota as a percentage of total
mucin released into the gut over the final 60 timesteps of the model, associated with
A-D. n=30 for each condition
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(A,B,C,D) Absolute abundance of B. bifidum compared to (A). E. coli (B) Butyrate
producers (3 species) (C) B. longum (D) B. breve in the simulations with high mucin
consumption of the public goods condition. Data from the same simulation is con-
nected with a line. n=14.

NS: Not significant
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(A) Average relative abundance of B. longum, B. wulgatus, and R. inulinivorans
without oligosaccharides at the end of 21 days. n=10

(B) Amount of colonic mucin digested by the microbiota as a percentage of total
mucin released into the gut over the final 60 timesteps of the model for A. n=10
(C) Average relative abundance of B. bifidum, B. vulgatus, and R. inulinivorans with
2’-FL and public good metabolism at the end of 21 days. n=10

(D) Amount of colonic mucin digested by the microbiota as a percentage of total

mucin released into the gut over the final 60 timesteps of the model for C. n=10
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Abstract

The infant gut microbiota is a dynamic ecosystem that is crucial for infant health.
The microbiota can be disturbed by antibiotics, infection, or diarrhoea. In this chap-
ter we use a computational model to predict and explain the effects of such distur-
bances on the infant gut microbiota. We focus in particular on antibiotics, though we
expect that our results generalize to other disturbances as well. Antibiotics decrease
the abundance of pathogenic bacteria. However, antibiotics typically also cause an
increase in potentially harmful Enterobacteriaceae, a decrease in beneficial Bifidobac-
terium bacteria, and an overall decrease in diversity. Many factors, such as antibiotic
resistance and inflammation-induced host metabolites may be involved, but it is un-
clear which factors are most important. We examine in particular whether bacterial
dynamics can explain, at least in part, the observed effects of disturbances, and if pre-
biotics can improve the resilience of the gut microbiota. We investigated these factors
using a computational model that describes the metabolism and ecology of the infant
gut microbiota. The model predicts that strong disturbances in the gut microbiota
due to simulated antibiotics exposure lead to a decrease in the temporal stability
of the microbiota, which is reflected by changes in the bacterial composition and
lowering of the microbial diversity. The model only reproduces the increase in Enter-
obacteriaceae and decrease in Bifidobacterium observed in vivo when disturbances
of intermediate strength are applied to the microbiota. The model predicts that
disturbances impact acid production, particularly butyrate. Supplementation with
2’-fucosyllactose or galacto-oligosacharides, common prebiotics, make the model mi-
crobiota recover more consistently after antibiotic exposure. The model still predicts
a disturbed acid production with these prebiotics, which may have health impacts.
Altogether, the model can function as a framework for further investigations into the

potential effects of different disturbances and their interaction with nutrition.
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5.1 Introduction

The infant gut microbiota, which is important for normal growth and development
[180], can be disturbed by antibiotics [257], bacterial and viral infections [258], or di-
arrhoea [259]. These kinds of disturbances have a complex effect on the composition
and metabolic activity of the microbiota, which potentially has an impact on health.
In this study we use a computational multiscale model to generate predictions of
how antibiotics treatment disturbs the infant gut microbiota and affects microbiota
composition and metabolic activity. We expect that many of our predictions will gen-
eralize to other disturbances as well, like bacterial and viral infections and diarrhoea.
Disturbances of the microbiota by antibiotics are common in infants [257]. Antibi-
otics are administered to infants both preventatively and to treat bacterial infections
[58]. Ampicillin and gentamicin are the most commonly used for infants, but many
others are in use [257]. Antibiotics in infants are specifically associated with negative
health outcomes such as asthma [260], wheezing [261] and gastro-intestinal disorders
[262]. These health effects have been linked to differences in the composition and
metabolism of the gut microbiota caused by the antibiotics [260, 261, 262] and have
been described both in vivo and in vitro. Both in vivo and in vitro antibiotic treat-
ment impacts the composition of the microbiota by increasing the relative abundance
of Enterobacteriaceae, such as E. coli [263, 57, 59, 60, 58, 264, 52|, decreases the abun-
dance of Bifidobacterium spp. [263, 57, 58, 264, 52|, and lowers the overall diversity
[67, 58]. Breastfeeding seems to mitigate some of these negative effects, probably
through its positive effect on the abundance of Bifidobacterium|[265]. Some infants
consume infant formula with Bifidobacterium-stimulating prebiotic oligosaccharides

[71]. These infants may also be protected to some extent.

Mechanistic insights in how antibiotics impact the gut microbiota are sparse.
Some bacterial species are more resistant to antibiotics than others [266], however,
antibiotic resistance is generally low in the infant gut even after treatment [264].
It has also been hypothesized that the release of oxygen or nitrate by the gut wall
may lead to an increase in the facultatively anaerobic Enterobacteriaceae over the
strictly anaerobic Bifidobacterium [267, 268, 269]. However, the increase in Enter-
obacteriaceae has been replicated in an in vitro model that did not include a gut
wall [263], suggesting that oxygen and nitrate input from the gut wall are not totally
explanatory. With our model, we examined whether the observed effects can, at least

partially, be explained by metabolic interactions between bacteria itself. Specifically,
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we aimed to answer the following questions:

(1) Can the consequences of antibiotics exposure on the infant gut microbiota de-
scribed in wvivo be reproduced in our multiscale model on the basis of metabolic
interactions between bacteria alone?

(2) How do model results depend on the strength of disturbance?

(3) Can the model predict potential health effects caused by an antibiotic distur-
bance?

(4) What role can the prebiotic oligosaccharides 2’-fucosyllactose (2’-FL) and galacto-

oligosacharide (GOS) play in recovery from an antibiotic disturbance?

To answer these questions we used and further developed an existing multiscale
computational model [122, 103, 229]. An earlier version of this model had already
been used to study the effect of a diarrhea-like disruption of the microbiota, but
focused on the disturbed spatial structure, not on a decline in population [122].
This version of the model predicted that increased flow through the gut decreases
metabolic diversity by making cross-feeding more difficult. This may explain the de-
creased microbial diversity often observed in patients with diarrhea [122]. As an ex-
tension to the model, we will focus here on bacterial population dynamics and model
how antibiotics may influence spatial separation and cross-feeding. For this we use a
more concretely defined infant gut microbiota, with genome-scale metabolic models
(GEMs) specific to infant bacteria, and detailed modelling of prebiotic metabolism,
as reported in our previous study [229] and chapter 5. We disturb the microbiota
by killing a large part of the population on days 8 and 9, and monitor the recovery
both for simulated infants that have had no prebiotics in their nutrition, and those
that have had prebiotics in their nutrition since birth.

Briefly, we show that:

(1) The model can reproduce the effects of an antibiotic disturbance observed in vivo:
an increase of the Enterobacteriaceae population, the decrease of Bifidobacterium,
and lower diversity, but the first two effects are only reproduced at an intermediate
strength of disturbance.

(2) The model predicts that antibiotics may negatively affect the production of or-
ganic acids in general in the short-term, and decrease butyrate production specifically
in the longer-term.

(3) The model predicts that ongoing supplementation with prebiotics, before, during,

and after antibiotic treatment, leads to a consistently Bifidobacterium-dominated mi-
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crobiota, with smaller Bacteroides and E. coli populations, and that infants who are
given prebiotic supplementation return to this composition more consistently after

antibiotic treatment.

5.2 Results

5.2.1 Stronger disturbances kill more bacteria but impact rel-

ative abundances in different ways

To investigate the effect of different strengths of antibiotics-related microbiota dis-
ruption, including the complex spatial and temporal bacterial interactions, we use a
multiscale computational model based on our earlier models [122, 103]. The spatial
component of the model consists of a regular square lattice of 225 x 8 (Fig. 5.1A),
where each lattice site can contain a single population of a single species, as well as
any number of metabolites in any concentration. Each species has its own GEM,
selected from an existing database [101]. We use a set of 21 species derived from in
vivo data [3] (Table 5.1, methods section ’Species composition’). We simulate the
model in timesteps, each of which represents three minutes of simulated time. At
each timestep, the model uses the nutrients and metabolites available in each lattice
site, and the GEM of each population, to calculate metabolism per population using
flux balance analysis (FBA). For each population, FBA returns a set of inputs and
outputs, which we apply to the local environment as well as a growth rate, which
we apply to the local population (Fig. 5.1A-1). Populations that grow large enough
can spread to neighbouring lattice sites. There is also a small probability for each
population to be removed from the system after each timestep, to represent natural
turnover of populations. The model is initialised with a probability for each lat-
tice site to acquire a population of a random species. Every timestep, there is small
chance for each empty lattice site to acquire a new population of a random species, to
represent the input of bacteria from the environment. Populations diffuse throughout
the lattice (Fig. 5.1A-2). Nutrients and metabolites diffuse (Fig. 5.1A-3) and advect
towards the rightmost edge of the system (Fig. 5.1A-4), where they are removed.
Every 60 timesteps 211 pmol of lactose is placed distributed over the most proximal
columns, and 0.5 pmol of mucin is placed at the bottom-most row of the lattice every

timestep. We run the model for 20160 timesteps, equivalent to a simulated 42 days.
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Over time, a complex microbiota and metabolic ecology forms (Fig. 5.1B).

Table 5.1: Species and subspecies included in the model. Color indicates group and color
used in figures.

Name Phylum
Actinomycetota
Actinomycetota
Actinomycetota
Actinomycetota
Actinomycetota
Actinomycetota
Actinomycetota
Anaerobutyricum hallii Bacillota
Clostridium butyricum Bacillota
Roseburia inulinivorans Bacillota
Bacillota
Bacillota
Bacillota
Bacillota
Bacillota
Bacillota
Bacillota
Bacteroidota
Bacteroidota
Pseudomonadota
Pseudomonadota

In our model we represent the effect of antibiotics treatment by increasing the
population death probability on days 8 and 9 of the model, to mimic a typical dura-
tion for an antibiotic disturbance [57]. This causes the population size of all species
to decrease greatly (Fig. 5.1C). Because nutrient input and bacterial metabolism
continues, this leads to a unique new environment.

Our model is stochastic, which allows it to reach a wide variety of outcomes in
terms of the abundances of species and metabolites, even when the parameters are
constant. This spectrum of outcomes is similar to that of the in vivo infant gut
microbiota [103, 31]. However, stochastic behaviour necessitates the comparison of
bacterial populations of separate control and test simulations. We performed sets of
30 simulations without any disturbance, and with four levels of severity of distur-

bance. Each simulation had a unique random seed, for a total of 150 unique random
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seeds. The severity of disturbances ranged from an increased death probability for
all populations by a factor of 1.75 to a factor of 2.5. We first quantified how the
different death probabilities impacted the absolute abundance immediately after the
disturbance period ended at the end of day 9 (Fig. 5.1D). Disturbances caused much
of the population to be killed, and more severe disturbances killed more of the pop-
ulation, ranging from 81% to 99%. We will use these percentages to indicate the
disturbance strength from here on. When 99% of the population was killed, the sys-
tem was effectively reinitialised in many simulations, as the model only maintained

the concentration of metabolites and nutrients.

We next analysed the relative abundances of bacterial groups in the control and
antibiotics-exposed simulations. To make comparisons easier, and allow focus on
large-scale differences, we grouped the three Bifidobacterium species and the three
butyrate producers together as separate groups, since they have similar metabolisms
and ecological roles [90, 91, 20]. We also merged the 13 other species that remained
at very low abundance in all simulations (indicated in Table 5.1). Where relevant,

we also performed analysis with all species separately.

As shown in Fig. 5.1E, the model predicts a microbiota on day 42 composed
mostly of Bacteroides vulgatus, Bifidobacterium spp., and Escherichia coli, in line
with the most common genera in infants at this age [3, 31]. The antibiotics exposure
that killed 81% of the total population had little effect, whereas an exposure leading
to a reduction of 91% lowered the abundance of Bifidobacterium compared to the
undisturbed simulations (p=0.001) and increased the abundance of E.coli (p=0.019)
significantly, in agreement with reported in vivo observations [57, 58|. Interestingly,
the microbiota composition changed differently for disturbances killing more than
91%. In these situations Bifidobacterium remained approximately at the level of the
control situation. When the severity of the antibiotics disturbance was further in-
creased to a 99% reduction of bacterial abundance, the relative abundance of E. coli
was reduced (p=0.011), while butyrate producers became more abundant (p=0.002).
These results show how the various degrees of antibiotic disturbances impact the
model in a complex and non-linear way. To further analyse these effects we investi-

gated the changes in more detail over time.
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Figure 5.1: Model predicts complex effect of disturbance on relative bacterial
abundances

(A) Schematic of the model. Circles represent bacterial populations. Numbers indicate pro-
cesses in the model: (1) Bacterial growth and division (2) Bacterial diffusion (3) Metabolic
diffusion (4) Metabolic advection (B,C) Screenshot of the model at the start of day 10,
displaying the bacterial layer and three of the metabolic layers, in (B) an undisturbed
simulation (C) a simulation with a modelled disturbance (D) Total bacterial abundance
immediately after the disturbance (at the start of day 10) per condition. n=30 per condi-
tion. (E) Relative abundance of bacterial species on day 42 without disturbance or with a
disturbance on the simulated day 8 and 9, n=30 per condition
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5.2.2 Disturbances disrupt species composition and decrease

diversity; correlation to pre-exposure populations is lost

Interestingly, we observed that in the conditions that killed 81% or 97% the relative
abundance of all bacterial groups did not change. Did the antibiotics disturbances in
these cases still have an effect on the microbiota, even when there was no difference
in relative abundance? To answer this question we examined what impact each
antibiotics disturbance had, by calculating the Bray-Curtis dissimilarity between

abundances, as is commonly performed on microbial abundance data [20, 4]

We visualised the dissimilarity between the grouped relative abundances at the
endpoint of the undisturbed simulations and at each timepoint in each set of simu-
lations (Fig. 5.2 A&B and Fig. S1) and observed that all sets of simulations moved
towards the same distribution (Fig. 5.2 A&B and Fig. S1), but stronger disturbances
appeared to remain more distant from the undisturbed simulations. This was also
the case when we analysed the dissimilarity without grouping bacterial abundances
(Fig. S2), or when we analysed the Euclidean distance instead of the Bray-Curtis
Dissimilarity (Fig. S3&S4, methods section ’Analysis’). To quantify the difference
between disturbed and undisturbed simulations, we calculated the Bray-Curtis dis-
similarity on day 42 between each simulation and the mean of the undisturbed simu-
lations. ANOVA analysis revealed a significant effect of the disturbances on the dis-
similarity (p<0.0001). Each disturbance that killed more than 81% was further away
from the baseline than the disturbance that killed 81% (p<0.001 for all,Fig. 5.2C).
Even the 97% condition, which did not differ from the undisturbed condition in
mean bacterial abundances per group, did differ in this metric. When we did not
group the species, the differences were still significant, but less so (p=0.04,p=0.008
and p<0.001, Fig. S5A ). We also examined the Bray-Curtis dissimilarity between
each pair of simulations within each condition, and found that conditions with a
stronger disturbance had a higher dissimilarity (p=0.005 for the 81% disturbance,
p<0.001 for all others, Fig. S5B). This shows that the disturbances not only cause a
higher dissimilarity from a non-disturbed baseline, but also cause a wider variation
of outcomes. We concluded that all disturbances influence the microbiota, and that

disturbance strength matters for the effect.

We next examined whether the disturbances also affected species diversity, as
is often observed in wvivo. We calculated Shannon diversity, a common metric for

bacterial diversity [57, 58], for each simulation to give a metric for how the distribu-
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Figure 5.2: Stronger disturbances cause a larger distance from baseline, lower
diversity, and disturb temporal stability more

(A,B) Bray-Curtis dissimilarity between the mean abundance at every timestep of the major bac-
terial groups (Table 5.1) the undisturbed condition and the condition where 91% were killed in
Fig. 1D, compared to the mean abundance of the undisturbed simulations at day 42 (timestep
20160). Striped area indicates the duration of the disturbance. (C) Bray-Curtis dissimilarity by
simulation between the mean relative abundance grouped by group, as in table 5.1, at day 42
(timestep 20160), compared to the mean relative abundance grouped in the same way of the undis-
turbed simulation at day 42. n = 30 per condition (D) Shannon diversity for all simulations in each
condition at day 42 (timestep 20160). (E,F) Absolute abundance of (E) Bifidobacterium spp. (F)
B. vulgatus per simulation at the end of day 7 and day 21 for the first three conditions of Fig. 5.1E.
Points from the same simulations are connected with a line. Spearman correlation between day 7
and day 21 indicated where significant. n=30 per condition (G,H) Quantity of (G) lactate (H)
acetate per simulation at the end of day 7 and day 21 for the first three conditions of Fig. 5.1E.
Points from the same simulations are connected with a line. Spearman correlation with Bonferroni
correction between day 7 and day 21 indicated where significant. n=30 per condition. NS: Not
significant, *: p<0.05, **:p<0.01, ***:p<0.001

152



Chapter 5. Multiscale modelling of post-antibiotic recovery in the
newborn infant gut microbiota

tion of diversity differs. We calculated the Shannon diversity using the abundance
of each individual species in each simulation, as in [57, 58]. An ANOVA analysis
found a significant effect of disturbances on the diversity (p<0.0001). With pair-
wise comparisons we found that only the simulations with disturbances where more
than than 81% was killed were significantly less diverse than undisturbed simulations
(p<0.001), but the simulations also varied greatly in their diversity (Fig. 5.2D). In all
tested conditions many simulations did reach a diversity similar to the typical undis-
turbed situation (Fig. 5.2D). Richness was equally high in all these simulations on
day 42, as all species were present in all simulations. When we removed species with
an abundance below 10'° from the data, species richness was between 2 and 5 for
each simulation on day 42 (Fig. S6A). An ANOVA analysis showed a significant effect
of disturbances (p=0.005), but in pairwise comparisons only the set of simulations
that killed 99% was significantly less rich (p=0.0001). When we removed species
with an abundance below 1010 from the data, diversity remained similar (Fig. S6B).
We also calculated Sheldon’s index, which is a measure of evenness. We found that
it matched closely with the diversity when the less abundant species were included
(Fig. S6C). However, when we excluded the less abundant species, only the condition
that killed 99% had less evenness than the baseline (p<0.001, Fig. S6D). We conclude
that a reduced evenness may explain the lower diversity in the disturbed conditions,
but that reduced evenness alone does not explain the decreased diversity when we
remove less abundant species. We further examined the distribution of outcomes
with a principal component analysis on the abundance by genus (Fig. S6E), which
showed a great variability between simulations and conditions. It also showed that
Bifidobacterium, Bacteroides and Escherichia were the major drivers of differences
in abundance. Thus our stochastic model predicts that after a disturbance in some
infants the microbiota either maintains or recovers its diversity completely, while in
others it loses some of its diversity and evenness. The model predicts that this leads

to a wide variety of outcomes.

We proceeded to examine how disturbances may lead to new outcomes, and
whether we can identify a factor that functions as the 'memory’ of the system: a
factor that persists throughout the disturbance and can be used to predict how a
microbiota responds to a disturbance. We first examined whether we could link the
bacterial community composition before the disturbance to that after the distur-
bance. To do so we calculated the Spearman correlation within the same simulations

between day 7 and day 21 for the total abundance of each major group. We did so
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separately for each bacterial group, so that we have a p and r value for each bac-
terial group for each condition. We observed that in the undisturbed simulations a
correlation between abundance on day 7 and day 21 existed for Bifidobacterium and
for B. vulgatus (Fig. 5.2E&F, r=0.66 & r=0.46, p<0.001& p=0.04 including Bon-
ferroni correction). These correlations were not present with any disturbance for B.
vulgatus, nor were they present with at least a disturbance that killed 91% for Bifi-
dobacterium. E. coli never had a significant correlation (Fig. S7). We conclude that
bacterial abundances before a disturbance are not indicative for the abundances after
the disturbance. We next examined whether the quantity of nutrients or metabolites
might serve as 'memory’ for the system, by also examining their correlation within
the same simulations between day 7 and day 21. We measured the amount of acetate
and lactate leaving the system per 60 timesteps. Acetate and lactate were correlated
in the undisturbed condition (r=0.61 & r=0.60, p=0.002&p=0.003, Fig. 5.2 G&H).
Interestingly, lactate remained correlated even with the disturbance that killed 81%
(r= 0.54, p=0.01), though the correlation was weaker than in the undisturbed condi-
tion. This indicates that the system does have a 'memory’ for the excretion of lactate
that persists through a disturbance. We also tested the correlation for lactose, mucin,
and butyrate, but these did not even correlate significantly in the undisturbed con-
dition (p>0.05). Oxygen was no longer present in any simulation at the start of the
disturbance. We conclude that there is no temporal correlation between bacterial
abundances or metabolite concentrations in the system with a disturbance that kills

at least 91%, indicating that it does not have a 'memory’.

5.2.3 Disturbances disrupt acid production and cross-feeding

We previously noted that the model predicted a decrease in Bifidobacterium abun-
dance and increase in E. coli abundance with the disturbance that killed 91% of the
population. Bifidobacterium is positively associated with infant health due to, among
other factors, its production of acids [19, 18]. We next investigated what effects of
a disturbance the model predicts for acids produced by the bacteria. We used the
condition that killed 91% of the population, as this provided the closest match to in
vivo data [57].
We examined: (1) organic acids in general, which provide resistance to pathogens|18],

(2) the short-chain fatty acid butyrate, which is associated with a reduction in aller-

gies [20] and (3) lactate, which is an important acidifier and cross-feeding substrate
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[74]. For each aspect we compared the simulation where 91 % was killed with the
undisturbed, control simulations. Fig. 5.3 shows the results of these analysis. We
found that there was significantly less total organic acid, butyrate, and lactate in
feces 480 timesteps (one simulated day) after the antibiotic disturbance (p<0.001,
p=0.03,p<0.001 Fig. 3A-F). Though the mean amount of lactate present was also
lower before the disturbance due to stochasticity (Fig. 5.3E), there was no significant
difference immediately before the disturbance (timestep 3360, p=0.445). We further
examined why there was less lactate after the disturbance, as lactate is both produced
and consumed in the infant gut and in our model [74, 103]. We found that there was
less lactate in the feces due to a reduced production of lactate (p<0.001), not an
increased consumption. In fact, consumption also decreased (p<0.001, Fig. 3G&H).
We concluded that there are many potential impacts on metabolites that are relevant
for infant health. These effects may explain some of the health effects observed in
infants in vivo [260, 261, 262].

5.2.4 Prebiotic-fed microbiotas recover more consistently from
a disturbance

The simulations predicted that simulated antibiotic disturbances affect many as-
pects of the infant gut microbiota, including various metabolites related to infant
health. We next asked whether the resilience of the system could be improved in
order to reverse these effects. In vivo, breastfeeding protects against some of the
negative effects of antibiotic treatment, which is thought to be caused by the pres-
ence of prebiotic oligosaccharides in human milk [265]. These prebiotic oligosac-
charides stimulate, amongst others, Bifidobacterium [63, 64]. We asked if and how
prebiotics, in particular the prebiotic oligosaccharides 2’-fucosyllactose (2’-FL) and
galacto-oligosaccharides (GOS), could affect the recovery after disturbance in the
model. 2’-FL is the most abundant oligosaccharide in most human milk samples [66],
and GOS is commonly used in infant formula [71]. We simulated three conditions.
In each condition we added additional sugars to the base amount of 211 pmol of lac-
tose: (1) Addition of 211 pmol 2’-FL (2)Addition of 42.2 pmol 2’-FL and 168.8 pmol
GOS, a ratio as used in infant formula, (3) Addition of 211 pmol lactose, as a control
condition. The third condition allowed us to discern between effects from the specific
sugars we added, and an effect from the total amount of sugar present. We used the

antibiotics disturbance that killed 91% of the population in earlier simulations, as it
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Figure 5.3: Disturbances influence metabolites and metabolism

(A,C,E) (A) Total acid, (C) butyrate, or (E) lactate leaving the system per 60 timesteps in the
model with no disturbance (black) and the model with 91% killed disturbance (red). Striped area
indicates the duration of the disturbance, n=30. (B,D,F) (B) Total acid, (D) butyrate, or (F)
lactate leaving the system from timestep 4320 to 4360, immediately after the end of the disturbance,
compared to the same steps in the undisturbed simulations, n=30. (G) Total lactate production per
simulations from timestep 4320 to 4360 , immediately after the end of the disturbance, compared to
the same steps in the undisturbed simulations, n=30. (H) Total lactate consumption per simulations
from timestep 4320 to 4360, immediately after the end of the disturbance, compared to the same
steps in the undisturbed simulations, n=30. NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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produced the best match with in vivo data [57]. Fig. S8 shows that the combined
addition of 2’-FL and GOS reduced the Bray-Curtis dissimilarity and Euclidean dis-
tance from the baseline on day 42 compared to the condition that killed 91% that did
not have additional sugar (Fig. SSD&E, p<0.001). However, the control condition,
where we only added lactose, also reduced the distance (p=0.013). Thus, we could not
conclude that the prebiotics had an effect. The reduced Bray-Curtis dissimilarity may
have been caused by a higher total bacterial abundance alone. The post-disturbance
populations were indeed much larger than the post-disturbance populations in the
simulations without added sugars (Fig. S8F, Fig. 5.1D).

To control for an increased total bacterial abundance, we next performed ad-
ditional simulations where the total amount of sugar was kept the same as in the
simulations of Fig. 5.1. We used two conditions: (1) 105.5 pmol of lactose replaced
with 2’-FL (indicated with 1/2 2’-FL in fig. 5.4) (2) 21 pmol of lactose replaced with
2’-FL and 84.5 pmol of lactose replaced with GOS (indicated with 1/2 2-FL&GOS
in Fig. 5.4). We performed these simulations both without a disturbance and with a
disturbance that killed 91%. The results are displayed in Fig. 5.4. Either condition
led to a total bacterial abundance comparable to the abundance without prebiotics
(Fig. 5.4A). Compared to the simulations with the same disturbance, but without
prebiotics, there was much more Bifidobacterium (Fig. 5.4B& Fig. 5.1, p<0.001).
There were no significant differences in relative abundance between the disturbed
and undisturbed simulations (Fig. 5.4B, p>0.05). We calculated the dissimilarity
between each prebiotic condition with and without a disturbance. There was a lower
dissimilarity, compared to the simulations without prebiotics (Fig. 5.4C, p=0.001 for
2’-FL, p<0.001 for 2’-FL+GOS). With either prebiotic conditions there was also no
reduction in diversity due to the disturbance (Fig. 5.4D, p>0.05). This indicates that

in the model the prebiotics-influenced microbiota was more resilient to a disturbance.

We also analysed the effects on total acids, butyrate, and lactate, as we did for
the simulations without prebiotics (Fig. 5.4E-J). Total acids were disturbed in both
conditions on day 10 (p<0.001), but butyrate was only disturbed in the condition with
only 2-FL (p<0.001). Nonetheless, butyrate was much more abundant even with a
disturbance in the condition with 2’-FL, compared to any other condition (p<0.001).
Lactate was increased in the simulations with both 2’-FL and GOS (p<0.001), but
not with 2’-FL alone. In conclusion, the model predicted that supplementation with
prebiotics led to a more consistent return to baseline after disturbance in the model,
but metabolites, particularly total acids, and total bacterial abundance were still
affected.
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Figure 5.4: Prebiotics shape a more resilient microbiota

For all figures: '1/2 2’-FL’ is 105.5 pmol of lactose replaced with 2’-FL, '1/2 2’-FL&GOS’ is
21 pmol of lactose replaced with 2’-FL and 84.5 pmol of lactose replaced with GOS. n=30
per condition. NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001 (A) Total bacterial
abundance at the start of day 10 per condition in the disturbed simulations. (B) Relative
abundance of bacterial species on day 42 without disturbance or with a disturbance on
the simulated day 8 and 9. (C) Bray-Curtis dissimilarity by simulation between the mean
relative abundance on day 42 (timestep 20160) of the simulations of A, grouped as in table
5.1, compared to undisturbed simulations with the same nutrition at day 42. (D) Shannon
diversity for all simulations in each condition of B. (E-J) Total acid, butyrate, or lactate
leaving the system per 60 timesteps in the model with no disturbance (black) and the model
with 91% killed (red). Striped area indicates the duration of the disturbance.
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5.3 Discussion

In short, the simulations predicted that (1) an antibiotic disturbance that kills 91% of
bacteria increases the abundance of Enterobacteriaceae and decreases the abundance
Bifidobacterium, (2) any disturbance that kills at least 91% of bacteria decreases
diversity, (3) a disturbance that kills 91% of bacteria may reduce production of
acids, and in particular butyrate, which may have health effects, (4) prebiotics may
create and sustain a more resilient microbiota that returns to the same state more
consistently, but such a microbiota is still sensitive to disturbance of acid production.
We will address the relation between each of these major predictions and the available
in vitro and in vivo data in turn, and suggest some further simulations and analyses

that may provide more insight.

Firstly, a reduction in the abundance of Bifidobacterium and increase in the abun-
dance of E. coli after antibiotics are widely reported [57, 58, 264, 52]. The model also
predicts this, but only for the disturbance that kills 91% (Fig. 5.1E). We hypothesise
that the disturbance that killed 91% increased the relative abundance of E. coli and
decreased Bifidobacterium because it interrupts and delays succession. Early in the
model simulations, there is a higher abundance of E. coli (Fig. S7). E. coli is typically
replaced by other species, such as Bifidobacterium, at later timepoints of the model
(Fig. 5.1E). This same succession takes place in infants [32, 31]. An interruption of
this succession in our model may then lead to a relatively large share of Enterobacte-
riaceae remaining in the gut compared to controls of the same simulated age. A delay
in succession, and so a longer E. coli-dominated phase, has also been hypothesised
to explain some of the increased F. coli observed in infants in vivo after an antibiotic
disturbance [55]. Whether the model also predicts that this mechanism is important
can be tested by adding an antibiotic disturbance at different stages of succession.
Disturbances could be added at either a very early E. coli-dominated stage or at a
stable state with low E. coli abundance, which the model typically reaches after sev-
eral simulated weeks. This testing would reveal whether the increase in E. coli in the
model depended on the succession stage during which the disturbance was applied.
We further hypothesise that in our model weaker disturbances do not disturb the mi-
crobiota sufficiently to alter the course of the succession. Heavier disturbances may
cause the population to go extinct, which resets the system and does not preserve
the relatively high E. coli abundance. This would essentially re-initialize the system,

but without oxygen. A re-initialisation would explain the increased abundance of the
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strictly anaerobic butyrate producers in the model with the disturbance that killed
99% (Fig. 5.1E). Interactions with the level of oxygen present in the gut could also be
modelled. We expect oxygen to still be abundant in the infant gut if the disturbance
occurs in the first days after birth [103], and the model has previously predicted that
variation in oxygen explains much of the variation in succession timing observed in
the infant gut microbiota [103].

Secondly, a lower microbial Shannon diversity due to antibiotics is widely reported
in infants [57, 58, 270]. The model reproduced the lowered diversity due to antibi-
otics with every disturbance that killed at least 91% and did not include prebiotics
(Fig. 5.2D). The reduced diversity due to a disturbance has also been linked to a
reduced stability of the microbiota [270], which the model also predicted (Fig. 5.2E-
H). We found that the reduced diversity could be attributed to a lower evenness, not
to the complete extinction of species. However, when we eliminated less common
species from the data the lowered diversity was maintained, while the lower evenness
was not, indicating that a lower evenness does not fully explain the lower diversity.

On a metabolic level the model predicted a reduced acid output during and after
disturbance (Fig. 5.3). Such a reduction in acidity due to antibiotics has not been
reported in infants, but it has in adults and mice [271, 272]. The metabolic effect of
2’-FL and GOS supplementation on an infant gut microbiota disturbed by antibiotics
has been previously studied in an in vitro system [263]. This in vitro model predicted
a positive effect of 2’-FL on butyrate production, and a lowered SCFA output with
antibiotics, confirming predictions of our model. However, the in vitro model also
predicted an increase in lactate concentration due to antibiotics in the absence of 2’-
FL and GOS [263], while our model predicted a decrease in lactate concentration in
all conditions except those with 2’-FL. It is unclear why this discrepancy is present.
Further analysis of lactate production and consumption in our model may reveal
what factors are responsible for the incorrect prediction. The authors indicate that
Enterococcus-driven lactate production may explain the increase in lactate that they
observed in their in vitro model|263]. Enterococcus was included in our bacterial
composition, but did not reach a high abundance. Further analysis of the metabolism
of Enterococcus in our model may reveal where it differs from the in vitro model.

Further analysis and simulations could also be performed to reveal why prebi-
otics cause a more consistent recovery in the model. The prebiotics we used caused
Bifidobacterium species to become dominant in the model (Fig. 5.4B), while with-

out prebiotics E. coli and Bacteroides vulgatus were also abundant (Fig. 5.1E). This
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effect is also commonly seen in vivo [53]. We hypothesise that this stimulation of
Bifidobacterium over other species causes the microbiota to consistently return to
the same Bifidobacterium-dominated baseline in the model. As Bifidobacterium is
associated with improved infant health [18], this would be a positive outcome for
the infant. Whether the stimulation of Bifidobacterium by prebiotics is the crucial
factor in determining the consistency of our outcomes could be tested by repeating
the simulations, but only adding the prebiotics after the antibiotic disturbance. We
hypothesise that this will lead to a similarly Bifidobacterium-dominated microbiota
in most simulations, regardless of composition before the disturbance.

More generally, various discrepancies exist between the model predictions and
available in vivo data. Most importantly, only the disturbance that killed 91% de-
creased Bifidobacterium abundance and increased E. coli abundance in the model,
and the other disturbances did not. We hypothesised that this happened because the
succession away from F. coli was interrupted. It is unclear how much of the infant gut
microbiota is killed during an antibiotic disturbance, but decreased Bifidobacterium
and increased Enterobacteriaceae (which includes E. coli) abundance are commonly
seen in the in vivo infant gut microbiota as an effect of antibiotics, and no link to
disturbance strength has been reported [57, 59, 60, 58]. In addition, Enterobacteri-
aceae also become more abundant due to antibiotic treatment in adult humans and
adult mice [268], where there is no succession to disrupt. There must be some fur-
ther factor, unrelated to succession, that causes the increase in Enterobacteriaceae in
antibiotic-treated adults. This factor may also cause the increase in Enterobacteri-
aceae to be much more consistent in infants than what we find. This factor could be
a higher resistance of Enterobacteriaceae to antibiotics [266], or Enterobacteriaceae
benefiting more than other bacteria from the inflammation-related release of oxygen
and nitrate [268, 269]. Neither of these factors are currently included in the model,
but they could be included in future versions. Modelling may allow us to explain
which of these factors can explain the increase in Enterobacteriaceae observed in
VIV0.

Further simulations should also be performed to account for the possible effects
of changes to parameters on the model predictions. In previous work (e.g. [103])
we found a large impact of several of the model parameters on the predictions, such
as the amount of oxygen and the diffusion speed of metabolites. These factors may
interact with an antibiotic disturbance. Disturbance could also be modelled in dif-

ferent ways in future extensions of the model. For example, injected antibiotics may
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affect the gut microbiota from the gut wall, while antibiotics taken orally might have
a stronger effect in the lumen. Each of these effects could be modelled to have spa-
tially different effects in our model. In addition, our modelling of the disturbance as
an increased death rate is a large simplification of the effect antibiotics have on the
microbiota. Most antibiotics used in infants interfere with cell wall synthesis or ribo-
somal function, and so reduce growth, or make growth more energetically expensive
[257]. In our model, this may be more appropriately considered as an altered biomass
reaction, instead of an increased death rate. This may lead to more accurate predic-
tions of the effect of antibiotics on microbial metabolism. Finally, additional model
simulations with variation in the timing, quantity, and type of prebiotic oligosac-
charides could provide more insight into the circumstances required for prebiotics to
shape or restore the composition of the microbiota. In short, the presented work
provides a starting points for making further predictions on the effects of antibiotics,

and for the effects of prebiotic supplementation.

5.4 Methods

5.4.1 Model overview

In this study we have extended a multiscale model of the infant gut. The model is
based on our earlier microbiota models [122, 103, 229]. The major addition in this
study is the inclusion of disturbances of the microbiota. All parameters of the system
are listed in table 5.2.

5.4.2 Species composition

The list of species in the model (table 5.1) is based on in vivo data from [3], using sheet
2 of their Table S3. We selected the 20 entries with the highest prevalence in vaginally
delivered newborns. After removing two duplicate entries we selected a GEM of
a species from each genus from [10]. We added GEMs of Bifidobacterium breve
and Bifidobacterium bifidum to represent the diversity of Bifidobacterium species in
the infant gut [164]. We also added a GEM of the butyrate producer Roseburia
inulinivorans, as in our previous model [229]. Roseburia inulinivorans, Eubacterium
hallii, and Clostridium butyricum are combined and listed as "Butyrate producers"

in the visualisations.
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5.4.3 Changes to GEMs

To improve the metabolic predictions of the model we applied a number of changes
to the GEMs compared to the version in the AGORA database, as in our previous
studies [103, 229]. No further changes were made after those in chapter 4. A full list

of changed and added reactions is in table S1.

5.4.4 FBA approach

We continued to use the same FBA approach as in previous versions of the model
[103, 229] and earlier chapters. This is a modified version of flux balance analysis with
an enzymatic constraint [13, 100]. Each GEM is first converted to a stoichiometric
matrix S. Reversible reactions are then converted to two irreversible reactions, so
that flux is always greater than or equal to 0. Reactions identified in the GEM as
‘exchange’, ‘sink’; or ‘demand’ are allowed to take up or deposit metabolites into the
environment. Each timestep, all reactions are assumed to be in internal steady state:

S-f=o, (5.1)

where f is a vector of the metabolic fluxes through each reaction in the network,

in mol per time unit per population unit.

Table 5.2: Parameters of the model

Parameter Value Unit

Lattice side length 2 mm

Width of lattice 225 lattice sites

Height of lattice 8 lattice sites

Timestep 180 seconds

Initial populations 540 average number

New population placement probability 0.00005 per timestep per empty lattice site
Population death probability 0.0075 per timestep per population

Initial size per population 5-107 no. of bacteria

Population size to create new population | 1-1010 no. of bacteria

Maximum population size 2.1010 no. of bacteria

ATP to grow one cell 1-1071% | mol

Enzymatic constraint 2 pmol flux per timestep per 1 - 1010 bacteria
Public goods production rate 2 pmol per nutrient per timestep per 1 - 1010 bacteria
Nutrient input 211 umol per nutrient every 60 timesteps
Mucin input 0.5 umol per timestep

Initial oxygen 0.1 pmol per lattice site

Metabolic advection 2 mm per timestep

Diffusion of metabolites and bacteria 6.3-10° square cm per second
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Each reaction that takes up metabolites from the environment Fj, is constrained
by an upper bound F,;, which represents the availability of metabolites from the

environment. It is determined as follows:

-

Fp < Fop, (5.2)

where F_;,, is a vector of fluxes between the environment and the bacterial pop-
ulation. ﬁub is a vector of upper bounds on these fluxes. ﬁub is set dynamically at

each timestep ¢ by the spatial environment at each lattice site X:

Fup(X,1) = , (5.3)

where ¢ is a vector of all metabolite concentrations in mol per lattice site, X is the
location and B(¥,?) is the size of the local bacterial population. ﬁub is set to 0 for any
metabolite that is digested outside the cell (see section ’extracellular metabolism’).
The total flux in each FBA solution is constrained by the enzymatic constraint a, in

mol per time unit per population unit:

> f<a (5.4)

Given these constraints, FBA identifies the solution that optimizes the objective
function, ATP production. The solution consists of a set of input and output ex-
change fluxes Fj,(%,1) and Fy, (%.1), and a growth rate g(%,7). The exchange fluxes
are taken as the derivatives of a set of partial-differential equations to model the
exchange of metabolites with the environment. The size of the population increases
proportionally to the growth rate in the FBA solution. Populations above 2 - 10!°

bacteria do not perform metabolism, to mimic quiescence at high densities.

Diffusion is applied to the metabolite concentrations on each lattice site at each
timestep to represent mixing by colonic contractions. Metabolic diffusion is applied
twice during each timestep. FEach time it is applied, 14.25% of each metabolite
diffuses from each lattice site to each of the four nearest neighbours. This causes
a net diffusion each timestep of 6.3 - 10° cm?/s. Metabolites are also added and
removed by bacterial populations as a result of the FBA solutions. The change in

concentration per lattice site is thus determined as follows:
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. 2 (5(?,0—5(2,0), (5.5)

ieNB(%)

where FZM (X,1) is a vector of fluxes from the bacterial populations to the envi-
ronment, in mol per time unit per population unit, and D is the diffusion constant,
L is the lattice side length, and NB(X) are the four nearest neighbours.

To represent advection all metabolites except oxygen are moved distally by one
lattice site every timestep. Metabolites at the most distal column of the lattice, the
end of the colon, are removed from the system at each timestep. This represents the

simulated feces.

5.4.5 Nutrient input

Mucin is added each timestep in equal concentration to the lowest row of the model,
to represent secreted mucin. The mucin struture we use is identified in the VMH
database as MGIlen23 rl. Nutrients representing inflow from the small intestine
are inserted into the first six columns of lattice sites every 60 timesteps, representing
three hours. Three hours is a realistic feeding interval for newborn infants [175]. Food
intake contains 211 pmol of lactose by default, a concentration in line with human
milk [66], assuming 98% host uptake of carbohydrates before reaching the colon [131].
In some simulations additional lactose, GOS, or 2’-FL is added. GOS is inserted as
separate fractions of DP3, DP4, or DP5 based on analysis of the composition of
Vivinal-GOS [206]. 64% is DP3, 28% is DP4 and 8% is DP5. Water is provided in

unlimited quantities.

5.4.6 Extracellular metabolism

Extracellular metabolism is handled through a system separate from FBA in the
model. Mucins are always digested extracellularly, as are GOS chains of four or
five sugars. Bifidobacterium bifidum also digests 2’-FL. and GOS chains of length
three extracellularly. The system uses the set of extracellular reactions from the
GEM. Extracellularly digested oligosaccharides are excluded from FBA. Instead, the
model directly applies each extracellular reaction at a rate of 2 pmol per 1 - 1010

local population per timestep. This alters the set of input exchange fluxes an and
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-

output exchange fluxes F,,;, as used in eq. 5.5. If multiple reactions can apply to

a substrate, and insufficient substrate is available for each reaction to apply fully,

each reaction is applied to half the remaining substrate. No substrate has more than

two reactions associated with it in the model, so breakdown can never exceed the
available substrate: s

B < S8l

B(X,1)

(5.6)

All oligosaccharide-related reactions are listed in S1 table. All mucin breakdown

reactions are listed in S2 table.

5.4.7 Population dynamics

We initialize the model by giving each lattice site a population of 5-107 bacteria of a
single random species at a probability of 0.3. Each timestep, each population solves
the FBA problem based on its GEM, the enzymatic constraint a, its current popu-
lation size B(X,t) and the local concentrations of metabolites ¢(¥,7). The outcome
is applied to the environment (eq. 5.5) and the growth rate g(X,¢) is applied to the

local population size:

dB(X,t)
dt

New bacterial populations can be created in two ways. (1) each population of at

— B(F,1)g(%1). (5.7)

least 1 - 100 bacteria creates a new population of the same species in an adjacent
empty lattice site. Half the population size is transferred to the new population. (2)
Each empty lattice site has a probability of 0.00005 to get a new population of 5-107
bacteria each timestep. All species have an equal probability to be selected.
Bacterial populations are mixed by swapping population contents between lattice
sites during each timestep. We use an algorithm inspired by Kawasaki dynamics
[176] to mix the bacterial populations. Each site is addressed in a random order, and
the bacterial population size B(X,t) and the GEM are swapped with a site randomly
selected from the Moore neighbourhood. The swap only occurs if both the origin and
destination site have not swapped in this timestep. With this mixing method the
diffusion constant of the bacterial populations is 6.3 - 10°cm?/s, equal to that of the
metabolites. Bacterial populations at the most distal column, i.e. at the exit of the
colon, are removed from the system. Populations are also removed from the system at

a probability of 0.0075 per population per timestep. Disturbances are implemented
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in the model by increasing the probability for a population to be removed by a factor
K on days 8 and 9 of the model. We use values for K of 1.75, 2, 2.25, and 2.5. These
correspond with a population approximately 81%, 91%, 97%, and 99% lower than in
the undisturbed simulations immediately after the disturbance period (Fig. 5.1C).

5.4.8 Analysis

The model records the the size, species, location, and important exchange fluxes
Fin (%,1) and Fout (%,1) for each population. In addition, the metabolites and nutrients
leaving the system distally were recorded every timestep, and summed over every 60

timesteps for visualisations. Euclidean distance between relative abundances was

A(5.3) = || S p1 - a0, 5:9)

where d is the distance between the vectors p and g. p and g are vectors of the

calculated as follows:

bacterial abundance, either grouped by species or as in table 5.1. This distance metric

indicates how far away each set of simulations is from the undisturbed endpoint.

5.4.9 Implementation details

The model is implemented in C++ 11 with libSBML 5.18.0 for C++ to load GEMs
and the GNU Linear Programming Kit 4.65 (GLPK) to solve the FBA problems.
Random numbers were generated with Knuth’s subtractive random number gener-
ator algorithm [256]. Diffusion of metabolites was implemented using the Forward
Euler method. The model is based on our own earlier models of the gut microbiota
[122, 103, 229]. GEMSs are sourced from the May 2019 update of AGORA, from the
Virtual Metabolic Human Project website (vimh.life). We used Python 3.6 to extract
thermodynamic data from the eQuilibrator API (December 2018 update) [173]. All
p-values were calculated with R 4.2.2. Unless noted otherwise p-values were calcu-
lated using the Mann-Whitney test ('wilcox.test’) from the ’stats’ package. ANOVA
tests used the ’aov’ function from the ’stats’ package. Principal component analysis
was done with the "prcomp’ function from the ’stats’ package. Shannon diversity was
calculated using the function ’diversity’ from the 'vegan’ package. Sheldon’s index

was calculated using the ’sheldon’ function from the ’seqtime’ package [273]. Model

167



5.5. Supplemental material

screenshots were made using the libpngl6 and pngwriter libraries. Other visualisa-
tions were performed with R 4.2.2. Raincloud visualisations used a modified version
of the Raincloud plots library for R [216].

5.5 Supplemental material

Available from

drive.google.com/drive/folders/11pW77mica7ugorCOGg8MwCaaniS9PWrz

S1 Table

Sltable.csv
A table of changes made to the AGORA models as a .csv file.

S2 Table

S2table.csv

A table of mucin reactions used for public goods metabolism as a .csv file.
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condition. NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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S6 Figure

(A) Richness for all simulations of Fig.5.2 in each condition at day 42 (timestep
20160), with a threshold of 101° bacteria for each species to be counted. (B) Shannon
diversity for all simulations of Fig.5.2 in each condition at day 42 (timestep 20160),
with a threshold of 10! bacteria for each species to be counted. (C) Sheldon’s index
for all simulations of Fig.5.2 at day 42 (timestep 20160) (D) Sheldon’s index for all
simulations of Fig.5.2 at day 42 (timestep 20160), where we set the abundance of each
species at 0 if it was below 100 bacteria. (E) Principal component analysis for all
simulations of Fig.5.2 at day 42, using the abundance of each bacterial genus. Arrows
displayed for each genus, labels included for the largest three. NS: Not significant, *:
p<0.05, **:p<0.01, ***:p<0.001
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Absolute abundance of E. coli per simulation at the end of day 7 and day 21 for the
first three conditions of Fig. 1D. Points from the same simulation are connected with
a line. Spearman correlation between day 7 and day 21 indicated where significant.

n=30 per condition. NS= Not significant.
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S8 Figure

(A-C) Relative abundance of bacterial species on day 42 without disturbance or
with the death rate increased on the simulated day 8 and 9, with the addition of
either 211 pmol lactose and 211 pmol FL per 60 timesteps, 211 pnmol lactose, 42
pmol 2FL and 169 pmol GOS, or 422 nmol lactose. n=30 per condition. (D) Bray-
Curtis dissimilarity by simulation between the mean relative abundance grouped as
in table 5.1, at day 42 (timestep 20160) and the mean relative abundance grouped
in the same way of the corresponding undisturbed simulations at day 42. All use
the disturbance that killed 91%. n=30 per condition (E) Euclidean distance by
simulation between the mean relative abundance grouped as in table 5.1, at day 42
(timestep 20160), compared to the mean relative abundance grouped in the same
way of the corresponding undisturbed simulations at day 42. All use the disturbance
that killed 91%. n=30 per condition (F) Total bacterial abundance at the start of
day 10 per condition in the simulations with disturbance of A-C. n=30 per condition.
NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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S9 Figure

Euclidean distance by simulation between the mean relative abundance per species
grouped as in table 5.1 of each condition in Fig. 5.4A at day 42 (timestep 20160),
compared to the mean relative abundance of the undisturbed simulations at day 42.
n = 30 per condition. NS: Not significant, *: p<0.05, **:p<0.01, ***:p<0.001
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Chapter 6

Summarizing discussion, other

works, and outlook

In this chapter we will first summarize the methods and results described in chapters
2 through 5. We then proceed to analyse the limitations of our approach, the op-
portunities for improvement, the field of metabolic modelling in general, and finally
some future directions for this modelling approach and the study of the infant gut

microbiota in general.

6.1 Thesis overview

In chapter 1 we introduced the infant gut microbiota, its typical compositions,
and some of the factors influencing it. We then introduced our modelling approach,
constraint-based modelling, and discussed how it can be applied to modelling bacte-
rial metabolism and bacterial interactions.

In chapter 2 we examined the role of oxygen in the newborn infant gut, and
introduced the multiscale mathematical model based on the previous model by Van
Hoek and Merks [122]. The model was extended in several ways, and focused much
more tightly on a specific in vivo situation: the infant gut microbiota in the first three
weeks after birth. We showed how an enzymatic constraint was crucial to correctly
model how the metabolism of Bifidobacterium spp. depends on the concentration of

lactose. On the scale of the infant gut community we showed that the initial presence
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of oxygen in the infant gut could explain the succession from FEscherichia coli to
Bifidobacterium spp. commonly observed in the infant gut microbiota. Furthermore,
the model we created provided a suitable basis for further studies in the next chapters.

In chapter 3 we extended the nutritional input of the model with prebiotic
oligosaccharides, which are common in human milk and some infant formulas. We
also further refined the model by using the same diffusion speed for nutrients, metabo-
lites, and bacterial populations. Previously, populations diffused at a slightly differ-
ent speed from nutrients and metabolites, which was not supported by the available
data. Further refinements to the genome-scale metabolic models and the selection of
species allowed us to better model cross-feeding relationships on the Bifidobacterium
metabolites lactate and 1,2-PD. The model predicted that several different micro-
biota compositions can exist that are dominated by Bifidobacterium, and that the
cross-feeding species present depends on the substrate available to Bifidobacterium.
The prebiotic oligosaccharide 2’-FL was predicted to lead to a microbiota rich in Bi-
fidobacterium with cross-feeding butyrate producers, such as Anaerobutyricum hallii.
The prebiotic oligosaccharide GOS was also predicted to lead to a Bifidobacterium-
rich microbiota, but with the non-butyrate producing cross-feeder Cutibacterium ac-
nes instead of butyrate producers. This may have health implications, as butyrate
is associated with improved infant health.

In chapter 4 we further extended the model by including the production of mucin
by the simulated gut epithelium and the extracellular digestion of both mucins and
the prebiotic oligosaccharides 2’-FL. and GOS. The model predicted that the de-
creased mucin consumption capacity observed in the microbiota of breastfed infants
may be explained through the selective stimulation of the non-public goods pro-
ducing Bifidobacterium species Bifidobacterium longum by 2’-FL. In contrast to the
public goods producing Bifidobacterium bifidum, B. longum cannot consume intesti-
nal mucin. Although its public goods metabolism allows B. bifidum to efficiently
consume the prebiotic oligosaccharides in human milk as well as mucins, the model
predicted that it also becomes vulnerable to having its public goods ’stolen’. Other
bacteria can cross-feed on the public goods, mainly sugars, that B. bifidum releases
into the medium. The model predicted that because B. longum can consume the
prebiotic oligosaccharides without creating public goods, it is stimulated more in the
infant gut microbiota by breastfeeding, and so reduces mucin consumption.

In chapter 5 we further examined how the infant gut microbiota may form and

reform communities by introducing disturbances into the model. These disturbances
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kill much of the microbiota. The microbiota then slowly recovers to a state similar
to, but often distinct from, that found in undisturbed infants. The model reproduced
the increase in F. coli abundance and decrease in Bifidobacterium abundance that
are often observed in wvivo, but only for intermediate disturbance strengths. We
hypothesised that this occurs because the disturbance disrupts the succession from E.
coli to Bifidobacterium that we described in chapter 2. The model further predicted
that supplementation with prebiotics in the model leads to disturbed simulations
returning more consistently to a composition similar to that found in undisturbed
simulations. We hypothesized that this occurs because prebiotics consistently lead
to a large relative abundance of Bifidobacterium in the model. This implies that
prebiotics may help shape an infant gut microbiota that recovers more consistently

from disturbances.

In short, the model predicted that the development of the infant microbiota is
regulated by metabolic factors as follows: the initial presence of oxygen stimulates a
high abundance of Enterobacteriaceae, such as E. coli, with an aerobic metabolism.
As oxygen is depleted, other species that grow faster anaerobically on lactose, partic-
ularly Bifidobacterium, become more abundant. The model further predicted that the
prebiotics GOS and 2’-FL affect the development of the infant microbiota by steering
the development of the microbial ecosystem to a high abundance of Bifidobacterium,
particularly Bifidobacterium longum. A microbiota dominated by B. longum, in turn,
consumes less mucin in the model. Through cross-feeding, 2’-FL also stimulates bu-
tyrate producers. Taken together, the model predicted a crucial role for oxygen and
nutrition in determining the relative abundance of bacterial species. The abundance
of species determines the nutrients consumed and metabolites produced in the gut,

including metabolites that may have health effects.

In this chapter we will first discuss some limitations and simplifications of the
model that should be emphasised, and that may be improved in future versions of
this model. We will then discuss other related models and their relation to our
modelling approach. Finally, we will discuss several interesting topics and questions

that could be investigated with new models.

183




6.2. Model limitations

6.2 Model limitations

6.2.1 The difficulties of modelling metabolism

The model predictions are limited in several ways. We will focus on three aspects:
metabolism, spatial variation, and microbial diversity. The model predictions are
firstly limited in the quality of their metabolic predictions by their limited scope.
The model only included a limited set of genome-scale metabolic models (GEMs),
used only their carbon metabolism, and only in the context of the gut of the non-
premature vaginally born infant. This means that the model cannot currently make
predictions for any situations outside of this context, such as on the effect of different
protein concentrations in nutrition, or the effect of disturbances on infants born by
cesarean section. Even within the scope of the model it does not capture the full
extent of carbon metabolism. As described in previous chapters, we use flux balance
analysis (FBA) to predict metabolism. For FBA, an objective function needs to be
chosen to serve as a proxy for biomass production. We have previously discussed
the effects of our assumptions related to the objective function in chapter 4, but the
core issue bears repeating: FBA assumes that bacterial metabolism is optimised to
fulfill a specific reaction that represents biomass [13, 240]. However, the evolution of
bacterial regulation has not been influenced solely by how efficiently biomass can be
produced in isolation. Bacteria also, for example, produce bacteriocins [274], spores
[20], adhesion proteins [163], or proteins that interact with the host immune system
[17]. Such factors may influence the internal distribution of fluxes, and so may also
influence the uptake of nutrients and production of metabolites. It is difficult to
assess the impact of this omission on our model predictions. The uptake and pro-
duction of metabolites is vital to the ecological interactions, such as competition and
cross-feeding, that occur in the model, so even small changes to bacterial metabolism
may have far-reaching effects. By producing bacteriocins some bacteria may even kill
other bacteria [275], which may lead to a higher diversity in the infant gut [276, 274].
Furthermore, oxygen tolerance varies between species, and the presence of oxygen in
the newborn infant gut requires bacteria to produce protective enzymes to mitigate
oxygen toxicity [277, 278]. The GEMs used in this thesis included oxygen metabolism
for relevant species, but did not include the necessity for species that do not use oxy-
gen to protect themselves from oxygen in the environment. In vitro, the production

of enzymes differs between species and even within subspecies for Bifidobacterium
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[278], which means that this variation may be important to include in future version
of the model. If additional factors were known exactly they could be incorporated in
FBA through, for example, minimum fluxes through certain bacteriocin-producing
reactions, minimum fluxes through oxygen-tolerating reactions, or techniques such
as resource balance analysis [279]. This is difficult in practice, as the circumstances
and extent of production in an in vivo context are unknown. Nonetheless, their

incorporation could improve the quality of metabolic predictions.

This brings us to the next issue, which is that it is generally not known whether
FBA predictions are correct, because no in vitro data is available to verify them. For
some bacteria, the factors influencing metabolism are well documented, and the re-
sponse to different nutrients is well characterised. This allowed us to verify, in chapter
2, that the predictions that the model makes for the ratio of metabolites produced by
Bifidobacterium longum from lactose are correct, and that the predictions the model
makes for how these ratios change based on the abundance of substrate are also
correct [90, 103]. However, for most other species this information is not available,
and the FBA predictions remain unvalidated. Wider sets of data have been used to
validate GEMs [10], but these often focus largely on growth assays, which merely
distinguish growth or no growth. This overlooks the effect of correctly predicting
bacterial metabolites, which may greatly influence other bacteria in the ecosystem
[89]. Even metabolic assays for particular conditions cannot validate whether the
metabolites produced by the bacteria under different conditions are correctly pre-
dicted. Correct metabolic predictions for one substrate do not necessarily mean that
the metabolic prediction for a different substrate is correct, as we saw for the B.
longum products of 2’-FL digestion in chapter 3. Here, the model correctly repro-
duced the metabolic switch in Bifidobacterium on low vs. high concentrations of
lactose, but not the very similar switch on low vs. high concentrations of 2’-FL. Pre-
dictions may be improved through incorporating additional constraints on the FBA
solutions, such as rate of change constraints [116] or thermodynamic realizability
constraints [110]. Work remains to be done on validating other existing predictions,

to better estimate how good the overall model predictions fit reality.
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6.2.2 Modelling the spatial distribution of bacteria in the hu-

man colon

The next limitation to discuss is our handling of space in the model. Most in vitro
and in silico microbial models use well-mixed conditions to simulate the bacterial
environment [280]. This allows for consistent results, but may miss much of the vari-
ability that occurs in the colon [281]. The colon represents a unique spatial system,
where not only physical effects such as diffusion and flow impact the distribution of
bacteria and metabolites, but also active mixing through contractions and peristalsis
[282]. In the models used in this thesis, we included a two-dimensional space and
bacterial diffusion, but not advection. This led to a spatial separation of primary
and secondary consumers in our model, as we described in chapter 2, and as was
also observed in earlier work by Van Hoek et al. using a similar spatial approach
[122]. This modelling approach is a large simplification, and the model cannot rep-
resent or make more complex predictions that take factors such as colonic motility
into account. This may influence many of the predictions of the model, as the spa-
tial structure of populations determines whether they can cross-feed, and the model

predicts that cross-feeding is crucial for some species.

It is unclear what the distribution and diffusion of bacteria actually is in the
infant or adult gut. In the adult gut diffusion has been estimated at values around 3
orders of magnitude higher than what we used in the model [159, 103]. Some spatial
in silico models of the adult gut have applied advection and similar diffusion values
as [159] to bacterial populations, and predict that most bacterial metabolism occurs
very close to the entrance of the gut [283], with little spatial separation. In this
model bacteria exist throughout the gut, but the high rate of diffusion and advection
requires the growth and metabolism of bacteria to occur nearly exclusively in the

proximal colon, very close to the entrance from the small intestine.

Another in silico model also included estimates of viscosity and active movement
of the gut [281]. This model predicted that the effect of any plausible diffusion is
negligible compared to the known active movement of the gut, viscosity effects, and
an assumed motility of bacteria [281]. They argue that, due to a high viscosity close
to the gut wall, a small amount of bacterial motility best explains the persistence of
bacteria in the gut. From this, their model predicts that most metabolism occurs in
the transverse colon - roughly the middle section [281]. However, metabolism was

also present in the other sections. Both of these in silico models lack experimental

186



Chapter 6. Summarizing discussion, other works, and outlook

validation. Additional in vivo data would help determine what model best approx-
imates reality. In addition, these studies all model the adult colon - localization
of bacteria and bacterial metabolism may be different altogether in the infant gut.
Important factors for the spatial distribution of bacteria, such as stool viscosity and
colonic motility, are different in infants [284, 162]. A thorough modelling of viscosity
and active movement in the infant gut, coupled with in vivo data, may provide useful
insights into the spatial distribution of metabolism and bacterial abundance specific
to the infant gut. These insights could then be used to better estimate what spatial
distributions of bacteria, and so what cross-feeding interactions, are plausible in the

infant gut.

6.2.3 Modelling more microbial diversity

There are several ways in which the models used in this thesis cannot capture the
full breadth of variation that exists between infant gut microbiotas, and how future
versions may come closer. This would allow us to provide predictions for the effect
of infant gut microbiota in different conditions, and may allow us to answer new
questions such as: (1) What is the interaction between nutrition and premature
or cesarean birth on the composition of the infant gut microbiota? (2) What is
the influence of nutrition when we consider the true diversity of species in the gut,
including less abundant bacterial species, Fungi, and Archeae? (3) What is the
influence of nutrition on the abundance of specific strains, and how do differences
between strains impact the digestion of nutrients? We will discuss each in turn.

Firstly, there is more variability between infant birth conditions than what we
model. For example, infants are often born prematurely, or by cesarean section.
Premature infants typically have a microbiota with a much higher Enterobacteriaceae
or Bacillota abundance and lower Bifidobacterium abundance [200, 285]. Cesarean-
born infants typically have more E. coli and less Bifidobacterium and Bacteroides
[3, 16]. These effects may be related to both an altered colonization by bacteria, as
well as altered physiological conditions in the gut. Further modelling could be done
to explain why the microbiota develops differently in these infants, and how it can
be steered to a healthier composition. The model could provide predictions for the
interactions of nutrition with different birth conditions. Nutrition is a factor that
may compensate for the typically less health-promoting cesarean section microbiota
[50].
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Secondly, the model only includes a small subset of all species in the infant gut.
In reality, the infant gut microbiota consists of hundreds of species [3], with tens of
different species co-existing at the same time [5]. We have selected GEMs of species
from the most abundant genera in fecal samples [3, 229], but abundances may be
different in the gut microbiota itself [37, 35]. Within the variety of species used, we
also limit ourselves to bacterial species. Though their abundance is limited, Fungi
and Archaea are also present, and may interact with the bacterial microbiota [200].
Further versions of the model may use more species from these groups, and so provide
further predictions and insights into the effect of other factors, such as nutrition, on
the abundance of these species.

Finally, genetic variation exists within species. Variation occurs even in genes
very crucial to survival in the infant gut, such as genes necessary for the consumption
of prebiotic oligosaccharides [286]. This variation can have large repercussions for
the overall metabolism of the infant gut microbiota. For example, some infants
fed prebiotics do not develop a microbiota that can digest prebiotics, because the
microbiota lacks the right genes for prebiotic digestion [32]. Ultimately, these issues
come down to the model not incorporating the diversity of bacterial metabolisms that
exist in the infant gut, and so missing some of the metabolic diversity. To provide
new predictions that apply more broadly to the diversity of infants, future version of
the model should also include these metabolisms.

Two new resources for microbial modelling may allow future models to better
represent these metabolisms. Firstly, the GEM collection AGORA 2 [287] is greatly
expanded compared to the AGORA 1 collection we used in this thesis, and now
includes more species and subspecies, as well as more detailed modelling of exist-
ing species [287]. For example, where relevant the new models include a separate
periplasm compartment. Secondly, the improved thermodynamic database Equilli-
brator 3 [288] includes support for the dynamic generation of thermodynamic values
for any nutrient or metabolite, such as complex mucin structures. This would allow
reactions in GEMs to be checked for thermodynamic plausibility, and could poten-

tially guide further refinements of GEMs.

6.3 Related modelling approaches

The work we performed on modelling the infant gut microbiota took place in the

context of many other in silico approaches to modelling bacterial interactions. A
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common question in the study of the gut microbiota is whether interactions are com-
petitive or commensalist [289, 97, 290, 291|. Many approaches exist that focus on
different aspects of interactions in the gut microbiota, and aim to answer different
kinds of questions around the microbiota. A common approach is to focus on popu-
lation dynamics, and how these may be influenced by internal and external factors.
This is commonly modelled with a set of ordinary differential equations which de-
scribe a generalized Lotka-Volterra model [280, 292, 200]. For example, Roa et al.
[200] used this approach, and used the absolute abundances of bacteria in the pre-
maturely born infant gut as input. This allowed them to predict the positive and
negative effect of bacteria on the abundance of other species, and so predict what
relations between bacteria shaped the succession they observed in premature infants.
However, their model could not explain how these interactions occurred [200], which
is a weakness of Lotka-Volterra models in general [280].

Some other approaches make concrete assumptions or predictions on the means
by which populations interact. Interactions may occur in many ways, such as through
competition for nutrients, cross-feeding on metabolites [89], antimicrobial toxins pro-
duced by bacteria [276] or through phages [293]. Different models altogether focus on
the eco-evolutionary aspects of bacterial interactions [294, 295]. By including muta-
tion and selection these models aim to explain how the interactions between species
have evolved in a dynamic environment. We will focus here on models that examine
interactions between bacteria through a concretely modelled metabolism. Such in-
teractions can be competitive, but through cross-feeding these interactions can also
be commensalist or mutualist [89]. Metabolic modelling allows for mechanistic pre-
dictions that describe what molecules are important for certain interactions between
bacterial population [280]. Many approaches exist to model metabolism [280], but
we will focus here on approaches that use genome-scale metabolic model to exam-
ine how metabolic interactions can occur, and how these can interact with bacterial
abundances to form communities of interacting microbes. We will discuss several
important historical models that use genome-scale metabolic networks, as well as a
number of state-of-the-art modelling frameworks. We will highlight how these ap-
proaches have provided insight into the interactions within the microbiota, and how
they have informed our modelling choices. A persistent problem in the creation of
useful models with genome-scale metabolic models is selecting realistic uptake con-
straints and objective functions [240]. These choices, as we will discuss, also influence
the degree to which models predict competitive and cooperative interactions. The

models we discuss are summarized in table 6.1.
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Chapter 6. Summarizing discussion, other works, and outlook

Early work with genome-scale metabolic models focused on analyzing the be-
haviour of single species using either steady-state FBA [296] or dynamic FBA [113].
This provided useful insights into microbial metabolism, but could not predict the
interactions of species. Stolyar et al. [115] created the first multi-species model to
predict and explain the interactions between two soil microbes. In this model the
carbon metabolisms of two GEMs were linked, so that they could directly exchange
metabolites and shared one objective function. This was a ’community’ objective
function, which maximised either total biomass or the biomass of one of the two
component species. Implicitly, this assumed that the bacterial regulation evolved to
be cooperative. Stolyar et al. concluded that the bacteria were mutalistic, that syn-
trophy influences soil bacteria, and that this multi-species approach can give insights
that were not possible with a single-species approach [115]. Later work by Zhuang
et al. [118] on soil bacteria for uranium bio-remediation performed dynamic FBA
on interacting GEMs, where each GEM represented a single species. They termed
this approach DMMM, for 'dynamic multi-species metabolic modelling’. Zhuang et
al. used multiple GEMs, each with its own objective function, so that each species
optimised its own biomass production in each step of the dynamic FBA. This allowed
the species to grow separately, and adjust their relationship over time [118], which
in turn led to a competitive relationship[118]. Cooperation could still have occurred
under these conditions, but is no longer assumed. They concluded that competition
can greatly influence bacterial interactions and relative abundances. The model we
presented in this thesis used a similar approach by assuming that only population-
level objective functions exist, and indeed we also observed both competitive and

commensalist relationships, particularly in chapters 3 and 4.

DMMM models were further developed into several frameworks which could
model a wide variety of conditions, such as OptCom [297] and COMETS [121].
OptCom used a combination of species-level and community-level objective func-
tions for its FBA, similar to Stolyar et al. The community-level objective functions
are necessary in OptCom to model complex systems, such as phototrophic microbial
communities. These communities exist in nature, but are not predicted by OptCom
without assuming a community-level objective function [297]. This assumption again
implies that bacterial behaviour is not entirely selfish, but evolved to limit their own
growth in favor of a stable community, which is not necessarily true. In contrast to
OptCom, COMETS did not assume a community-level objective function, instead

using objective functions unique to each species and calculated per bacterial popu-

191




6.3. Related modelling approaches

lation. This assumes that bacterial behaviour is entirely selfish, and has not evolved
to limit growth in favor of stability, which is not necessarily true. COMETS could
still represent diverse communities without the community-level objective functions
by incorporating spatial diversity [121]. COMETS showed how complex interactions
that involve both cooperation and competition can occur when species start in dif-
ferent spatial locations. While in principle extendable to very complex systems, the
COMETS publication only included simple systems with up to three species and one
colony per species, and notably did not include complex population dynamics. The
environment simulated was carbon-limited laboratory medium, which allowed uptake
bounds to be set easily. Further work with the COMETS framework tested many
pairwise relations between bacteria, and concluded that many competitive, mutualis-
tic, and commensalist interactions could exist in this framework [307]. COMETS has
formed the basis for many current approaches, including the one in this thesis, both
by using a spatial lattice and by assuming that only population-level objective func-
tions exist. However, it does not yet explore the possibility of complex population
dynamics on this lattice.

Work with DFBALAB, another framework that included dynamic FBA and spa-
tial diversity [298], did show how metabolism and species abundances can become
varied over one-dimensional space, even when the initial composition of a system
is homogeneous. Like COMETS, DFBALAB used individual objective functions.
DFBALAB went beyond what was shown with COMETS by demonstrating how,
through competition and commensalism, spatially distinct ecological niches may form
over time. These niches then lead to a self-reinforcing spatial variability [298]. Fur-
ther work with DFBALAB also showed that this spatial separation may occur in
biofilms [299]. We observed similar spontaneous spatial separation in our model, as
we highlight in chapter 2.

Van Hoek and Merks developed a spatial dynamic FBA model that focused on
the human gut [122], which the model in this thesis is directly based on. The gut is
a unique environment that introduces additional complexities in modelling. As we
discussed in section 6.2, there are many more unknown factors in the gut, and data
is scarce. To simplify this system, Van Hoek and Merks used an objective function
that only required ATP generation for growth. This focused the model to be on
carbon metabolism, and circumvented the problem of setting unknown metabolite
uptake constraints for rare nutrients. Like COMETS, the model calculated FBA so-

lutions per bacterial population. All populations were derived from the same GEM,
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but diverged and evolved over the run of the model, representing an overlap with
the eco-evolutionary models that we discussed previously. This led to the formation
of different ’species’, similar to models that are initialised with distinct species, and
so still allows for spatial heterogeneity of metabolism. The authors concluded that
spatial heterogeneity involving both commensalism and competition can evolve spon-
taneously in a spatial gut environment, but that spatial disturbance of the population

causes this diversity to collapse.

The SteadyCom framework, by Chan et al., also covered the human gut micro-
biota, but used static genome-scale metabolic models and did not include spatial
or temporal variability [131]. It focused on an adult system of nine representative
species, each represented by a GEM, from various sources. It used species-specific
objective function, but introduced the additional constraint that all species must
have an equal growth rate. This forced the solution to represent a steady state mi-
crobiota, which corresponds to the usual state of the adult human microbiota [308].
Steadycom did not limit the metabolism of its models to carbon metabolism. In-
stead, Steadycom uses a random sampling method to determine metabolite uptake
bounds for unknown metabolites. When averaged over 1000 sets, this led to popu-
lation ratios close to those found in vivo, but with a low bacterial diversity, as most
species go extinct [131]. Further work with Steadycom concluded that the previous
assumptions of equal growth could not support a more diverse microbiota [309]. By
assuming that bacteria did not always grow optimally, the number of commensalist
relationships increased and many more species could become abundant [309]. This
had a similar effect as the community objective functions in OptCom. The authors
noted that a spatial approach might also lead to sub-optimal growth, and so allow for
more diversity [309]. Steadycom was later combined with a spatial and dynamic FBA
approach, which indeed allowed it to predict a more varied human gut microbiota
without assuming suboptimal growth, and furthermore predict that a spatial gradi-
ent of oxygen from the gut wall increased bacterial diversity in the gut microbiota
[124]. This is similar to our results in chapter 2, where we describe how a temporal
gradient of oxygen leads to a higher bacterial diversity.

The spatial dynamic FBA framework BacArena was similar in construction to
COMETS, but focused more on the heterogeneity in bacterial populations by mod-
elling individual bacteria that have different metabolisms [123],. When adapted to
model a section of the human gut, the model predicted that a gradient of mucin

concentration from the gut wall creates new niches, and may so explain some of the
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microbial diversity in the human gut [123], as we also examined in chapter 4. The
BacArena framework was also used to predict what nutrients were important for
competition and cooperation in this system. Initial uptake constraints were set by
determining a set of essential nutrients, and setting uptake constraints for these at
1M, while all other uptake constraints were set at 0.1uM. These constraints allowed
all species to grow in the model, without explicitly trying to model all nutrient con-
centrations in the gut. BacArena represented an advanced modelling framework that
includes spatial and temporal variability, and provides many of the same features as
our model, although its features focused on representing bacterial heterogeneity.
The new 2021 version of the COMETS modelling framework [132] provides further
interesting opportunities for standardizing metabolic modelling. This new version
extends the framework to also include extracellular enzymes and eco-evolutionary
interactions. There is also potential to include other complex bacterial interactions,
such as those through toxins and phages [276, 293]. Taken together, it should be
possible to translate the model presented in this thesis fully into the new COMETS
framework. Testable hypothesis for many of the open questions could potentially be
generated with this approach. As-is, it is very difficult to compare the outcome of our
studies with these other models, or the outcomes of these models with each other. As
we have discussed, several models exist that broadly agree in their modelling approach
with the model in this thesis: the gut is modelled with populations of bacteria on
a lattice, and metabolism is modelled with dynamic FBA using population-level
objective functions [123, 132, 122]. However, there are many small differences in
model assumptions, such as how to treat the availability of rare nutrients, whether
bacterial advection should be included, or whether the microbiota in the lumen should
be considered to be in steady state. Our model is also unique in that it focuses on
the infant gut microbiota, and the unique microbiota and physiology associated with
infants. Nonetheless, to allow for the better comparison of models, it would be useful
for the future development of the field of microbiota modelling if more studies used

the same framework.

Newer frameworks have also become more complex in various other ways. For
example, the spatial dynamic ACBM framework includes three-dimensional space,
in contrast to the earlier models we discussed that all included only two dimensions
[305]. This allows ACBM to make more quantitatively accurate predictions of growth
rates and nutrient consumption in bioreactors with two-species communities [305].

The pbialsim framework used modern computing power to model the entirety of the
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773 species then available from the AGORA database in a single simulation environ-
ment [304]. This allowed the framework to model a very complex community, with
many different interactions between species [304]. Some newer models also use GEMs
differently from the methods we have discussed previously. For example, MAMBO
does not use existing genome-scale metabolic models, but takes the meta-genomics of
fecal samples as input [301]. It dynamically reconstructs GEMs, and then combines
these with bacterial abundances to predict the metabolism of a microbiota, including
competitive interactions [301]. This may be particularly useful in the study of micro-
biotas that have not been well-characterised, as no existing genome-scale metabolic
models are necessary. Similarly, the MICOM pipeline takes bacterial abundances
as input, but MICOM combines these with existing genome-scale metabolic models
to calculate what growth rates and dilutions can plausibly form the observed abun-
dances [302]. MICOM then uses these growth rates as constraints when predicting
bacterial metabolism. By working this way MICOM evades the problem of setting
unknown uptake bounds, at the cost of requiring bacterial abundances and being
unable to predict the development of a microbiota over time [302].

Overall, the modelling of the gut microbiota using genome-scale metabolic meth-
ods has given several useful insights. Firstly, it shows the usefulness of taking a
multi-scale approach, by considering temporal or spatial variability. Models that
incorporate this variability can model more complex systems, without including far-
reaching assumptions about community cooperation. Secondly, it has shown that
many different ecological interactions are plausible in the gut microbiota, from com-
petition to mutualism, but also that assumptions greatly matter in what kind of

interactions are predicted.

6.4 Future directions

We will now highlight how the model presented in this thesis, and its metabolic mod-
elling approach in general, may be useful to the field in the future. Firstly, a closer
integration with the eco-evolutionary methods we discussed previously may allow for
evolutionary questions to be answered. For example, it is unclear how the mutu-
alistic relationship between humans and Bifidobacterium came into existence [70].
In humans, milk oligosaccharides specifically stimulate Bifidobacterium, which are
beneficial to the host, and this is often used as an example of co-evolution [70, 220].

Milk oligosaccharides were an early development in the evolution of mammals, and
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are present in nearly all mammals, including marsupials, monotremes, and all orders
of placental mammals [68]. However, Bifidobacterium are not typically dominant in
the gut of non-human newborn mammals [310, 311, 312, 313, 314]. For example,
in newborn Asian elephants (Elephas mazimus) bacteria of the order Enterobacte-
riales are initially dominant, as in human infants, but these are then replaced by
Lactobacillales and Bacteroidales [313], not Bifidobacterium as in human infants.
Asian elephant milk has been characterised, and contains a similar composition of
oligosaccharides as human milk [68], at a higher concentration [315]. It is unclear
what occurs in the guts of these animals, but the milk oligosaccharides may be di-
gested by other bacteria, such as Bacteroides or Lactobacillus species [313, 310]. It is
possible that these bacteria have developed their own mutualistic relationships with
non-human animals. Such relationships may be even more complex in marsupials and
monotremes, whose milk contains little lactose, but whose milk oligosaccharides are
also directly consumed by the newborn [69, 316]. Modelling using eco-evolutionary
methods [295, 122, 294] may provide insights into the evolution of unique newborn
gut microbiotas, and the evolution of the link between different bacteria and milk
oligosaccharides. For example, van Dijk et al. already created a model that predicted
that serial transfer causes populations of interacting microbes to either focus on a
high yield or a high growth rate [295]. Such a serial transfer between hosts must
be an essential part of an evolutionary model of microbiota development. Baijic et
al. used a GEM of E. coli to examine in detail how its metabolism may evolve and
how this may, in turn, influence the environment [294]. Such an examination could
also be performed on the GEMS of other common gut bacteria, such as Bacteroides,
Bifidobacterium and Lactobacillus species, to potentially uncover mechanisms of co-

evolution.

Secondly, a further refinement of the modelling approach may allow for a bet-
ter understanding of the observed compositions of the human infant gut microbiota.
"Everything is everywhere, but the environment selects" is a common tenet in mi-
crobiological research [317]. We now know that in the infant gut not everything is
always present, but it is clear that the infant gut is exposed to many more bacte-
rial species than the few that become abundant [200, 54]. Thus, selection by the
environment is crucial in determining the composition of the gut microbiota. How-
ever, for many aspects we do not yet know why the environment selects in the way
it does. Traditionally, studies in this field have been mostly observational. These

studies have consisted of analyses of fecal samples of infants born and raised under
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different conditions. With metagenomic techniques it is now possible to analyse the
bacterial and metabolic composition of many fecal samples from the same infant,
collected over time. Using these techniques, work by Tsukuda et al. [31] and Rao
et al. [200] has provided extensive descriptions of the large-scale patterns of micro-
bial and metabolic succession, as well as of the variability in development between
infants. These analyses can show how the distribution of bacteria differs between in-
fants, and may correlate different abundances with different conditions. However, it
cannot answer the more fundamental 'why’ questions. For example, as we discussed
in chapter 2, E. coli is typically more abundant than Bifidobacterium because of the
initial presence of oxygen in the gut. But why are the strictly anaerobic Bacteroides
spp. often abundant in the infant gut, while the related Prevotella spp. are not? And
why is E. coli typically abundant in the early infant gut, but sometimes the similarly
facultatively anaerobic Klebsiella spp. is abundant? Without this understanding it is
difficult to predict how these patterns may be influenced to create a healthier infant
gut microbiota. This is where we believe in silico modelling can play a crucial role,
by taking the bacterial and metabolic data as input, and providing further testable

mechanistic predictions, as we have shown in this thesis.

In vitro studies may allow for these predictions to be tested. In wvitro studies
have already allowed for some more insight into, for example, the metabolism of
Bifidobacterium [90]. Next to studies of infant fecal samples, these in vitro studies
have been the primary source of input into our computational model. However, even
in in wvitro studies it often remains unclear why certain ecological effects occurs -
e.g. why Cutibacterium avidum outcompetes Anaerobutyricum hallii when fed with
lactate [194]. It is difficult to gather the right data and do the right experiments to
find a mechanistic explanation for such complex effects without existing hypothesis.
The wide variety of experimental conditions used in different in vitro studies (e.g.
[245, 83, 160, 188]) further complicates creating a complete view of the interactions in
the microbiota. Some studies include in vivo experiments in which germ-free mice or
pigs are inoculated with a human microbiota. This allows relevant physiological fac-
tors to be included, such as the production of mucin by the gut wall, the absorption of
metabolites, and immune interactions [318]. However, this approach also introduces
its own biases [318]. Many species establish at different abundances in germ-free
mice and pigs, compared to humans, and some species do not establish at all [319].
A better approach may be the recently developed gut-on-a-chip models. These in

vitro models incorporate a living portion of the gut wall, better imitating the infant

197




6.4. Future directions

gut conditions than an in vitro model that only includes bacteria. A gut-on-a-chip
setup can also include physiological interactions, and conditions can be much more
tightly controlled than in a mouse or pig model [320, 321]. In silico modelling may
help guide these models to test more concrete hypothesis, such as the hypotheses we
developed in chapter 3 and 4 on cross-feeding relations in the infant gut microbiota.

In conclusion, we expect that the metabolic modelling approach described in this
thesis will be refined much further. We also expect that this approach will help

explain the composition of the infant gut microbiota, and how it can be shaped.
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Summary

A complex community of microbes develops in the infant gut shortly after birth.
We call this community the infant gut microbiota. The microbiota can influence
the health of the infant, which makes the composition and function of the infant
gut microbiota an important topic to study. It is not possible to directly study the
development of the microbiota inside the infant, so we are limited to information
from fecal samples and laboratory experiments. These can provide information on
the composition of bacteria that leave the infant gut, and on the potential interactions
between these bacteria, but we cannot assume that these observations are the same in
the infant gut microbiota as it exists in the infant. Because it is so difficult to study,
the processes and mechanisms that shape the microbiota also remain unclear. One
technique that can provide insight into unseen processes such as these is mathematical
modelling. Mathematical models can generate hypotheses and predictions about the
inner workings of a system, such as the infant gut microbiota. In this thesis, we
develop mathematical models to predict how the microbiota in the infant gut grows

and interacts, and how it responds to oligosaccharides, a type of complex sugar.

The infant gut microbiota is composed of many species of microbes, including
bacteria, archaea, and fungi. In this thesis we focus on the bacteria, which make
up most of the microbiota. Previous studies have used the genomes of gut bacteria
to predict what metabolic reactions they can do. These lists of metabolic reactions
can be used to try to predict what metabolism a bacteria has under different cir-
cumstances, i.e. what metabolic reactions it uses. We have curated and refined
these lists of reactions to better match the available data on how bacteria act in real
life. The mathematical model we developed then predicts what metabolic reactions
a bacterium uses in a particular environment with a technique called flux balance

analysis. This lets the model make predictions both on how bacteria are influenced
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by the environment and on how they influence the environment. In the model bac-
terial populations can influence their environment by taking up nutrients from it, by
depositing other substances into it, and by growing. By applying this influence to
the environment and repeating the technique, the model can make predictions for
how the environment changes over time, and how the abundance and metabolism of
bacteria changes over time. The model uses a grid to represent the gut environment,
so that each bacterial population, nutrient, and metabolite has a particular location
in the gut. This way it takes into account that different bacterial species may occur
in different parts of the infant gut, and how the availability of nutrients may differ
throughout the gut because of the influence of bacteria.

In this thesis, we use and further develop this model to make predictions on how
various changes to the environment, such as the presence of oxygen, oligosaccharides,
or antibiotic disturbances, influence the infant gut microbiota, their metabolism, and
ultimately the infant.

In chapter 1 we first give an overview of the typical composition of the infant
gut microbiota, and how this can change over time. We then describe our modelling
approach in general, and flux balance analysis, the technique we use to model micro-
bial metabolism, in particular. We explain how we use this technique to model not
only a single bacterium but an entire microbiota. We also discuss how we model the
potential variation over space and time in the infant gut microbiota.

In chapter 2 we introduce the mathematical model and its computational imple-
mentation, and use it to examine the effect of oxygen on the simulated infant gut
bacteria. We show how the model can reproduce important parts of the metabolism
of Bifidobacterium bacteria, and that it correctly predicts the major groups in the
infant gut microbiota, but not the smaller groups. We also show that by introducing
oxygen into the initial environment the model can reproduce the succession from Es-
cherichia coli bacteria to Bifidobacterium bacteria that is observed in the real infant
gut microbiota. The model can explain this through the different metabolisms of
these species: while oxygen is abundant F. coli grows faster, but as oxygen depletes
Bifidobacterium bacteria grow faster.

In chapter 3 we extend the model to also include different prebiotic oligosaccha-
rides. Prebiotic oligosaccharides are complex sugars that cannot be digested by the
infant, but can be digested by Bifidobacterium bacteria. These oligosaccharides are
present in human milk, and also often added to infant formula. With the model we

examine how oligosaccharides may affect not only the Bifidobacterium bacteria that
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consume them, but also butyrate producing bacteria that consume the products of
Bifidobacterium bacteria. These butyrate producing bacteria may play an impor-
tant role in infant health. The model predicts that, in isolation, butyrate producing
bacteria can co-exist with Bifidobacterium bacteria with or without oligosaccharides.
However, the model predicts that in a complex ecosystem, like you might find in the
infant gut, butyrate producing bacteria are outcompeted by other bacteria in most
conditions. What bacterial species are effective competitors depends on whether
oligosaccharides are present, and on what kind of oligosaccharide is present. The
model predicts that the prebiotic milk oligosaccharide 2’-fucosyllactose can indirectly
stimulate butyrate production within the infant gut microbiota, allowing them to out-
grow their competitors. It can do so because Bifidobacterium produces propane-1,2-
diol from 2’-fucosyllactose, which is consumed most efficiently by butyrate producers.

These model predictions should be tested in laboratory experiments.

In chapter 4 we further extend the model with intestinal mucin. Mucin is pro-
duced by the gut wall, and consists largely of oligosaccharides that can be consumed
by some bacteria. We also extend the model with extracellular digestion of oligosac-
charides from both mucin and prebiotics. We aim to explain why the gut microbiota
of breastfed infants consumes less mucin than the microbiota of non-breastfed in-
fants, because the consumption of mucin may have negative health effects for the
infant. The model predicts that the milk oligosaccharide 2’-fucosyllactose stimu-
lates non-mucin consuming Bifidobacterium bacteria more than mucin-consuming
Bifidobacterium bacteria. It further predicts that this happens because the mucin-
consuming Bifidobacterium bacteria use extracellular digestion, and this causes the
sugars they produce to be ’stolen’ by other bacteria. This lets the non-mucin con-
suming Bifidobacterium bacteria outcompete the mucin consumers. We link these
observations to the literature on ‘public goods’ that is available in the field of ecology.

In chapter 5 we examine how an antibiotic disturbance may affect the infant gut
microbiota. We simulate an antibiotic disturbance in the model by increasing the
probability for bacterial populations to die off on the simulated day 8 and 9 after
birth, and then observe how the microbiota recovers. The model reproduces the re-
duced diversity of an antibiotic disturbance observed in the infant microbiota. The
model further predicts that stronger disturbance of the microbiota by antibiotics that
is observed in infants, compared to adults, may be partially explained by the antibi-
otics disturbing the natural succession that occurs in the early infant gut microbiota.

Finally, the model predicts that prebiotic oligosaccharides in nutrition may lead to
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a microbiota that returns to the original state more consistently after a disturbance,
because the oligosaccharides consistently stimulate Bifidobacterium bacteria. How-
ever, the model does not reproduce the effect of a disturbance on the abundance
of major bacterial groups correctly under most conditions. We give suggestions on
how the model may be expanded to give a more complete view of the potential ef-
fects of antibiotic disturbances, and potentially function as a framework for future
investigations.

Finally, in chapter 6 we place the model in a wider perspective. We first discuss
limitations and future opportunities for the model, in particular how future versions
may incorporate competition or cooperation between bacteria through antibiotics
or acidification. We then compare our modelling approach with other approaches,
and finally we discuss the direction of infant gut microbiota research in general. We
predict that the microbiota of non-human mammals may provide further insights into
the role of milk oligosaccharides in shaping the gut microbiota, and we also predict
that a further standardisation of microbial modelling methods can lead to a better

exchange of results between different studies.
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Samenvatting

Een complexe gemeenschap van microben ontwikkelt zich in de babydarm kort na
de geboorte. We noemen deze gemeenschap de babydarmmicrobiota. De microbiota
kan de gezondheid van de baby beinvloeden, en dat maakt de samenstelling en func-
tie van de babydarmmicrobiota een belangrijk onderwerp om te bestuderen. Het is
niet mogelijk om de ontwikkeling van de microbiota in de baby direct te bestuderen,
dus de informatie die we hebben is beperkt tot poepmonsters en labexperimenten.
Deze kunnen nuttige informatie geven over de samenstelling van bacterién die de
babydarm verlaten, en over de potenti€le interacties tussen deze bacterién, maar we
kunnen er niet van uit gaan dat deze observaties hetzelfde zijn in de baby. Hierdoor is
het onduidelijk welke processen en mechanismen belangrijk zijn om de microbiota te
vormen. Een techniek die meer inzicht kan bieden in ongeziene processen zoals deze
is wiskundig modelleren. Wiskundige modellen kunnen hypothesen en voorspellingen
genereren over de mechanismen binnen een systeem, zoals de babydarmmicrobiota.
In dit proefschrift ontwikkelen we wiskundige modellen die kunnen voorspellen hoe
de microbiota in de babydarm groeit en interacteert, en hoe het reageert op oligosac-

chariden, een soort complex suiker.

De babydarmmicrobiota bestaat uit vele soorten microben, waaronder bacterién,
archaea, en schimmels. In dit proefschrift focussen we op de bacterién, die het groot-
ste deel van de microbiota vormen. Eerdere studies hebben het genoom van darm-
bacterién gebruikt om te voorspellen welke metabole reacties ze kunnen gebruiken.
Deze lijsten van metabole reacties kunnen gebruikt worden om te proberen te voor-
spellen wat voor metabolisme een bacterie heeft onder verschillende omstandigheden,
i.e. wat voor metabole reacties het gebruikt. We hebben deze lijsten van reacties
opgeschoond en verfijnd om beter overeen te komen met de beschikbare data over

hoe bacterién zich echt gedragen. Het wiskundige model dat we ontwikkeld hebben
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voorspelt vervolgens welke metabole reacties een bacterie in een bepaalde omgev-
ing gebruikt met een techniek die fluxbalansanalyse heet. Hierdoor kan het model
voorspellingen maken zowel over hoe bacterién beinvloed worden door de omgeving,
en hoe ze hun omgeving beinvloeden. In het model kunnen bacteriéle populaties de
omgeving beinvloeden door voedingsstoffen op te nemen, andere stoffen er in uit te
scheiden en door te groeien. Door deze invloed toe te passen op de omgeving en de
techniek te herhalen kan het model voorspellingen maken over hoe de omgeving over
de tijd verandert, en hoe de grootte van de bacteriepopulaties en hun metabolisme
verandert over de tijd. Het model gebruikt een raster om de omgeving te vertegen-
woordigen, zodat elke bacteriepopulatie, voedingsstof, en restproduct een specifieke
locatie heeft in de darm. Op deze manier kan het model er rekening mee houden dat
verschillende bacteriesoorten in verschillende delen van de darm kunnen voorkomen,
en hoe de beschikbaarheid van voedingsstoffen kan verschillen door de darm door de
invloed van bacterién.

In dit proefschrift gebruiken we dit model om voorspellingen te maken over hoe
verschillende veranderingen in de omgeving, zoals de aanwezigheid van zuurstof,
oligosachariden, of antibiotica, van invloed kunnen zijn op de babydarmmicrobiota,
hun metabolisme, en uiteindelijk op de baby.

In hoofdstuk 1 geven we eerst een overzicht van de typische samenstelling van de
babydarmmicrobiota, en hoe deze door de tijd heen kan veranderen. We beschrijven
vervolgens onze modelaanpak en in het bijzonder fluxbalansanalyse, de methode die
we gebruiken gebruikt om microbieel metabolisme te modelleren. We leggen uit hoe
we deze techniek gebruiken om niet enkel individuele bacterién te simuleren, maar
ook de wisselwerking tussen bacterién in een microbiota. We bespreken ook hoe
we het de ruimtelijke variatie en de variatie over de tijd in de babydarmmicrobiota
meenemen in het model.

In hoofdstuk 2 introduceren we ons wiskundige model en de computationele imple-
mentatie, en gebruiken we het om het mogelijke effect van zuurstof op en gesimuleerde
babydarmmicrobiota te bestuderen. We laten zien hoe het model belangrijke delen
van het metabolisme van Bifidobacterium-bacterién kan reproduceren, en dat het
correct de grote groepen in de babydarmmicrobiota kan voorspellen, maar niet de
kleinere groepen. We laten ook zien dat, als we zuurstof in de omgeving aan het
begin van de simulaties introduceren, het model de opvolging van FEscherichia coli-
bacterién door Bifidobacterium-bacterién kan reproduceren. Deze opvolging wordt

ook waargenomen in de echte babydarmmicrobiota. Het model kan dit verklaren
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door de verschillende metabolismes van deze soorten: als er veel zuurstof is groeien
de E. coli-bacterién sneller, maar als dit opraakt groeien de Bifidobacterium-bacterién

sneller.

In hoofdstuk 3 breiden we het model uit met verschillende prebiotische oligosachari-
den. Prebiotische oligosacchariden zijn complexe suikers die niet verteerd kunnen
worden door de baby, maar wel door Bifidobacterium-bacterién. Deze oligosachari-
den zijn aanwezig in menselijke melk, en worden ook vaak toegevoegd aan babyvoed-
ing. We bestuderen hoe oligosachariden in het model niet enkel de Bifidobacterium-
bacterién die ze consumeren beinvloeden, maar ook butyraatproducerende bacterién
die de restproducten van Bifidobacterium-bacterién consumeren. Deze butyraatpro-
ducerende bacterién spelen mogelijk een belangrijke rol in de gezondheid van de
baby. Het model voorspelt dat, in isolatie, butyraatproducerende bacterién kunnen
samenleven met Bifidobacterium-bacterién met of zonder oligosachariden. Het model
voorspelt echter dat in een complex ecosysteem, zoals bestaat in de babydarm, bu-
tyraatproducerende bacterién de competitie verliezen van andere bacterién onder de
meeste omstandigheden. Welke bacteriéle soorten de competitie kunnen winnen van
butyraatproducerende bacterién hangt af van de aanwezigheid van oligosachariden,
en van het type oligosachariden. Het model voorspelt dat het prebiotische melk-
oligosacharide 2’-fucosyllactose indirect butyraatproductie kan stimuleren binnen de
babydarmmicrobiota, waardoor de butyraatproducenten de competitie kunnen win-
nen. Dit kan gebeuren omdat Bifidobacterium-bacterién propaan-1,2-diol produceren
uit 2’-fucosyllactose, en omdat butyraatproducerende bacterién efficiénter propaan-
1,2-diol consumeren dan andere bacterién. Deze modelvoorspellingen zouden getest
moeten worden in labexperimenten.

In hoofdstuk 4 breiden we het model verder uit met darmmucine. Mucine wordt
geproduceerd door de darmwand, en bestaat grotendeels uit oligosachariden die
geconsumeerd kunnen worden door sommige bacterién. We breiden het model ook
uit met de extracellulaire vertering van oligosachariden uit zowel mucine als prebiot-
ica. We proberen te verklaren waarom de darmmicrobiota van baby’s die borstvoed-
ing krijgen minder mucine consumeert dan de darmmicrobiota van baby’s die geen
borstvoeding krijgen, omdat de consumptie van mucine mogelijk negatieve gezond-
heidseffecten heeft voor de baby. Het model voorspelt dat het melk-oligosacharide 2’-
fucosyllactose de Bifidobacterium-bacterién die geen mucine consumeren meer stim-
uleert dan Bifidobacterium-bacterién bacterién die wel mucine consumeren. Daar-

naast voorspelt het dat dit gebeurt doordat de mucine consumerende Bifidobac-
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terium-bacterién extracellulaire vertering gebruiken, waardoor de suikers die ze pro-
duceren ‘gestolen’ worden door andere bacterién. We linken deze observaties aan de
bestaande ecologische literatuur over collectieve goederen.

In hoofdstuk 5 kijken we naar de mogelijke effecten van een verstoring door an-
tibiotica op de babydarmmicrobiota. We simuleren een verstoring met antibiotica
door de kans dat bacteriéle populaties uit het model verwijderd worden te verhogen
op de gesimuleerde dag 8 en 9 na de geboorte, om vervolgens te observeren hoe de
microbiota zich herstelt. Het model reproduceert de verminderde diversiteit die na
een verstoring met antibiotica plaatsvindt. Daarnaast voorspelt het model dat de
sterkere verstoring van de microbiota door antibiotica bij baby’s, ten opzichte van vol-
wassenen, deels verklaard kan worden doordat de antibiotica de natuurlijk opvolging
in de vroege babydarmmicrobiota verstoort. Tot slot voorspelt het model dat prebi-
otische oligosacchariden in de voeding kunnen leiden tot een microbiota die sneller
naar de oorspronkelijke staat terugkeert na een verstoring, doordat de oligosacchari-
den consistent de Bifidobacterium-bacterién stimuleren. Het model voorspelt echter
in de meeste gevallen niet correct de verschuiving in voorkomen van de belangrijke
bacteriegroepen na een verstoring. We geven suggesties over hoe het model uitge-
breid kan worden om een completer beeld te geven van de potentiéle effecten van
verstoringen door antibiotica, en mogelijk als raamwerk kan dienen voor toekomstig
onderzoek.

Tot slot plaatsen we in hoofdstuk 6 het model in een breder perspectief. Eerst
bespreken we de limitaties en toekomstige mogelijkheden voor het model, in het
bijzonder hoe toekomstige versies competitie of samenwerking tussen bacterién via
antibiotica of verzuring kunnen modelleren. Vervolgens vergelijken we onze mode-
laanpak met andere modellen, en we bespreken de richting van het onderzoek naar
de babydarmmicrobiota in het algemeen. We voorspellen dat de microbiota van niet-
menselijke zoogdieren verder inzicht kan geven in de rol van melk-oligosachariden in
het vormen van de darmmicrobiota. Daarnaast voorspellen we dat een verdere stan-
daardisering van microbiéle modelleringsmethoden kan leiden tot een betere uitwissel-

ing van resultaten tussen studies.
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