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Abstract

Humans depend on microbial communities for numerous ecosystem services such as global
nutrient cycles, plant growth and their digestive health. Yet predicting dynamics and function-
ing of these complex systems is hard, making interventions to enhance functioning harder
still. One simplifying approach is to assume that functioning can be predicted from the set of
enzymes present in a community. Alternatively, ecological and evolutionary dynamics of spe-
cies, which depend on how enzymes are packaged among species, might be vital for predict-
ing community functioning. | investigate these alternatives by extending classical chemostat
models of bacterial growth to multiple species that evolve in their use of chemical resources.
Ecological interactions emerge from patterns of resource use, which change as species
evolve in their allocation of metabolic enzymes. Measures of community functioning derive in
turn from metabolite concentrations and bacterial density. Although the model shows consid-
erable functional redundancy, species packaging does matter by introducing constraints on
whether enzyme levels can reach optimum levels for the whole system. Evolution can either
promote or reduce functioning compared to purely ecological models, depending on the
shape of trade-offs in resource use. The model provides baseline theory for interpreting
emerging data on evolution and functioning in real bacterial communities.

Introduction

Many biological processes that humans depend upon-such as global nutrient cycling, plant
growth and digestive health-rely on the action of microbial communities with hundreds or
even thousands of species [1-4]. A key challenge is therefore to understand such complex sys-
tems in sufficient detail to be able to predict overall functioning and how it changes under fluc-
tuating conditions [5, 6].

In both microbes and eukaryotes, measures of functioning such as yield or productivity tend
to increase towards an asymptote as species diversity increases [7]. However, the mechanisms
for these effects, in terms of resource use of species, interactions among species and their dynam-
ics over time, remain largely unknown [8]. Models are needed to identify key features that deter-
mine community functioning, and how we can modify them to enhance function [9, 10].
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The bacteria in our digestive tracts are a notable case [11]. Outnumbering human cells and
containing 300 times as many metabolic genes as the human genome [12], the gut community
breaks down indigestible macromolecules in our diet and releases beneficial compounds [3,
13]. The resulting metabolites provide a source of energy, especially in non-industrialised
diets, and feed into numerous physiological pathways, including appetite regulation and
immune responses [14, 15]. Disruption of the gut microbiota and of metabolite production
leads to gut disease and impaired health.

Despite the wealth of new data coming from metagenome sequencing, it remains unclear
how beneficial functions of microbiomes depend on the action of constituent species. Some
authors argue for widespread functional redundancy and that a far smaller set of species could
perform adequate function [16, 17]. Alternatively, full diversity might be vital for overall func-
tioning, if species have specialized metabolic roles and provide robustness of functioning in
varying conditions such as fluctuation in diet [18]. Metabolic function of component species
can be inferred from genome sequences [19] or from culture or co-culture experiments [20].
The hard part is to map from species metabolism and growth to overall community
functioning.

One simplifying approach is to infer function from metagenomes without considering how
genes are packaged among species [12]. Many animal and plant ecologists would be skeptical
of predicting ecosystem functioning from a homogenized blend of species traits. Although the
metagenome provides a snapshot of the metabolic diversity [21], population dynamics and
hence relative abundances of different functions depend on whole genomes and their growth
in a community of species. However, flux balance approaches for modeling metabolism of sin-
gle cells are useful without considering internal metabolite and enzyme dynamics in detail,
and recently these have been applied to communities [22, 23]. Perhaps species densities shift to
produce concentrations of enzymes at steady-state that are the same at the whole-system level
irrespective of how those enzymes are packaged among species.

Another issue for predicting functioning of microbial communities is evolution of compo-
nent species [24]. In productive communities such as the gut, species are likely to evolve over
short timescales (weeks) in response to changes in physical environment, resource availability,
or species interactions [25, 26]. Evolution in resource use might alter overall functioning of the
community. For example, if species evolve to partition resources or to increase their rate of use
of metabolites, this could enhance degradation of input resources [27]. Alternatively, evolution
might reduce functioning if species evolve to degrade intermediates that are beneficial for
overall functioning. Natural selection operates on individuals rather than on the whole com-
munity, so evolution does not necessarily optimize ecosystem functioning. The interplay
between ecological and evolutionary responses should therefore determine whether function-
ing can be predicted from a metagenome type approach or whether a species-based approach
is required.

I address these questions using a model of species metabolizing input resources via a series
of intermediates (Fig 1). The model is an extension of standard chemostat models of bacterial
population growth [28-30], adding evolution of resource use of each species. It is designed to
use parameters that could be measured in experiments with real microbes, but simplified to
enable general understanding of such systems. Although many additional processes operate in
real systems, the model provides baseline predictions for evolution and functioning in real bac-
terial communities. After illustrating how the model can be used to predict different aspects of
functioning, I evaluate the effects of packaging the same enzymes in different ways among spe-
cies (focusing on the comparison of specialists and generalists), in both non-evolving and
evolving versions.
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Fig 1. Schematic diagram showing components and outputs of the model. Multiple coexisting species vary in their
ability to metabolise substrates in a metabolic pathway. A) Substrates are connected through a pathway performed by a
set of enzymes: E;; metabolises i to j. B) Resource use of each species is specified by a matrix of enzyme allocations:
species can either be specialist on one substrate or generalists on multiple substrates. C) Species grow in proportion to
the amount of substrate they metabolise and D) substrate concentrations change as they are degraded or produced by
one or more species. From these variables, various aspects of community functioning can be calculated, such as the rate
of degradation of input resources. In the evolutionary model, the enzyme allocations also evolve over time.

https://doi.org/10.1371/journal.pone.0218692.g001

Methods
Ecological model with no evolution

Consider # species with densities Ny (k = 1,2,3,. . .,n) growing in an unstructured environment
via metabolism of m substrates with concentration S; (i = 1 to m). There is flow through the
system at a constant dilution rate D (chemostat conditions). Some substrates are present in the
inflow (at concentration Q;) whereas others are absent and are generated by metabolism of
inflow substrates. Both substrates and bacteria are removed in the outflow.

Growth occurs by metabolizing substrates according to a Monod growth function [29]. The
rate per cell of converting substrate i into substrate j in species k is

_ VaEgSs (1)
" (K £ S)
where v is the maximum reaction rate per molecule of enzyme (sometimes called k), E is the
number of molecules of enzyme per cell, and K is the substrate concentration at which reaction
rate is half its maximum value (i.e. affinity for the substrate is 1/K, all parameters defined in
Table 1). In order to explore additional analytical solutions, I also considered a simpler model
with a linear growth function, i.e. replacing Jijx = v;xEijS;.

The resource use of each species is defined by a matrix Ej that specifies the amount of
enzyme per cell for each reaction converting substrate 7 into substrate j. Species can be special-
ists on one reaction (i.e. only one E;;;>0) or generalists on several. A whole community can
exhibit functional redundancy if species share similar enzyme allocations, or functional
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Table 1. List of state variables and parameters.

Term | Definition Hypothetical units

Ni Density of species k Cells ml™

S; Concentration of substrate i mmol ml™

Ejj | Allocation of species k to enzyme metabolising Molecules cell! (relative to total enzyme content,
substrate i to substrate j assumed fixed)

Vijk Maximum reaction rate mmol molecule” enzyme

Kijx | Half-saturation constant mmol ml™

Ciik Conversion rate from metabolism to bacterial density | Cells mmol™

Uk Mutation rate in species k Molecules cell " day™

D Dilution rate ml day™

Q; Input concentration of substrate i mmol ml!

a Cost of generalism parameter (Ejjx)" has units molecules cell®

https://doi.org/10.1371/journal.pone.0218692.t001

diversity if different species harbour enzymes for different steps. Constraints are used to define
pathways for the whole system (Fig 1); for example, here unidirectional catabolism breaking
input resources into derived smaller molecules is assumed (only Ej; above the diagonal are
positive and input resources have the lowest indices 7). Pathways can branch (E;  is positive for
multiple j) or coalesce (E j is positive for multiple 7). The total amount of enzyme produced
per cell is assumed fixed across all species [31]: resource use varies because species allocate dif-
ferent proportions of their total metabolic enzyme to different reactions in a linear trade-off
[32]. The effects of varying the trade-off between specialism and generalism is considered
below. For simplicity, enzyme expression is assumed to be constitutive, i.e. there is no plastic-
ity. Alternative modes of expression such as regulated resource switching could be investigated
in future. Kinetics can vary across species and reactions: species with higher v for a given sub-
strate grow more rapidly at high substrate concentrations, those with lower K more efficiently
at low substrate concentrations.

The dynamics are then modelled by the following ordinary differential equations (ODEs),
which sum the metabolism of each substrate in each species:

ds,
Z-DP@Q=8)— X Nly+ X N @)
k=1,...,n k=1,....n
P j=1iem
dN
== 2 NJx—DN G)
i=1,...,m
j=1,...,m

The terms for substrate concentrations represent dilution, metabolism of substrate i and
production of substrate 7 in turn. The terms for population densities represent growth and
dilution in turn. Parameter c;; is a constant converting metabolism of a given reaction into
bacterial cells, which encapsulates both ATP produced per molecule of substrate and the pro-
portion of ATP devoted to growth [28]. Growth on multiple substrates is assumed to be addi-
tive [30, 33]-substrates are alternative resources that can be metabolised without interference
(empirically reasonable, especially in low nutrient systems, [33, 34]. There are n+m state vari-
ables and up to 2nm(m-1) +m+1 parameters in the fully specified catabolic model (only
parameters above the diagonal for each matrix v, K, E and c). Parameter complexity is
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simplified by constraining pathways (i.e. assigning many values to 0) or by restricting which
parameters are free to vary among species and reactions.

Analytical solutions. With continuous flow and no evolution, species growth and metab-
olism lead to steady-state concentrations and species densities [30, 35]. Steady-state solutions
for a linear pathway performed by a set of species each specialized to metabolise just one sub-
strate can be calculated for the Monod model (S1 Appendix, Fig 2). For substrate i used by spe-
cies i, steady-state values of the state variables are:

- DK
Si= ¢v,—D 4)
Nz = Ci(Ql - YI) (5)

for all substrates except the final substrate (S1 Appendix, [29]). These solutions are stable as
long as species i grows faster than it is washed out by the outflow (Fig 2D). If so, the final sub-
strate, m, which is not metabolized, has steady-state concentration S,, = Q, — Y. These
expressions can be used to calculate various measures of community functioning and to design
possible interventions to enhance functioning (Table 2, S1 Appendix, S1 Fig). Here, I focus on
the steady-state concentrations of input, intermediate and final substrates.

Evolutionary model

I added evolution to the chemostat model by assuming that species evolve through changes
in their enzyme allocation (matrix Ey for species k) over time, modeled as the product of
the genetic variance-covariance matrix (Gy) and the selection gradient, which relates the
mean growth rate of each species (W,) to changes in the expression level of each enzyme in
turn:

dE _
d_tk = Gkvwk (7)
where the elements of
— (ow, ow,  ow,
W, = - 8
VWi <8E12 "OE; " OE, (®)

and W, is the mean growth rate per cell per unit time [37], i.e. Eq 3 divided by Nj. The diag-
onal elements of matrix Gy, are the heritable variation in enzyme expression, ;. Under the
constraint that total enzyme production is fixed and there are no other genetic correlations
among enzymes, the non-diagonal elements are -y /(m-1). For example, with 2 enzymes
the genetic correlation between them is -1.0, i.e. as one increases in frequency the other
decreases by the equivalent amount. Boundary constraints were included in the simulations
so that changes to enzyme levels above one or below zero were truncated.

Eqs 7 and 8 derive from quantitative genetics models of [38] as applied to clonal popula-
tions by [39]. It assumes large populations and a lack of substructure within species (e.g. diver-
sification) such that changes can be modelled as changes in the mean phenotype of each
population. It is chosen as the simplest model to allow changes in mean resource use without
introducing additional structure in an already complex model (S1 Appendix).
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Fig 2. Analytical solutions for a linear pathway (A) with specialist species and no evolution. Parameter values were: dilution rate, D = 0.01
(in B and C); input substrate concentration, Q; = 0.5 (in D and E); all v = 0.2; all K = 1; values of ¢ chosen from a normal distribution with
mean 1 and sd 0.2, = 1.56, 0.80, 0.89, 1.45 for each reaction in turn. Increasing the concentration of input resource increases allows successive
intermediate substrates in the pathway to accumulate up to a maximum steady-state value (B), as species performing those steps are able to
grow faster than the rate of washout (C). Reactions with higher biomass yields per molecule of substrate metabolized (e.g. red and blue) have
lower steady-state concentrations of substrate and a faster increase in species density as input resources increase. Increasing the dilution rate
has a reverse kind of effect: only earlier steps in the pathway can be sustained as dilution rates increase (D and E). For each intermediate
substrate, there is a single dilution rate that maximizes its concentration at steady-state (D), which is the threshold below which the species
that can use that substrate is able to persist (E).

https://doi.org/10.1371/journal.pone.0218692.g002
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Table 2. Example metrics of functioning that can be calculated for a chemostat model with a linear pathway performed by a set of specialist species (see S1 Appen-

dix for derivations).

Scenario Metric of functioning Possible interventions to enhance functioning
Bioremediation Reduce concentration of toxic input substrate in | Introduce a species with higher c;v; or lower K; which is feasible as it would outcompete
the outflow, S L= ‘)KlD encumbent species [36]. An easier solution is to reduce D.
-
Waste-water Decompose the greatest amount of input substrate | Set dilution rate to intermediate optimum value for production, given by
treatment per unit time, v (Ki+Q = /K1 (K14Q1))
< Dapr = &x+a_
D(Q =$,) e
Animal gut Increase concentration of intermediate substrate | Introducing a species with lower ¢;v; or higher K; is unfeasible, as it would be outcompeted
(e.g. short chain fatty acids), Sl = DK'D by encumbent species and could not invade. Instead could increase mortality of species i, e.g.
v with selective antibiotics or phage.
Easier option is to tune D to be slow enough to allow earlier steps in pathway to be sustained
but fast enough that product i cannot sustain growth of a bacterial population, defined by:
5%(Q—Y)) P i <ivi(Q1—Y;)
D < oY) forallj <ibut D > Fo—.
Bioreactor Increase production of end product, Increase concentration of input resource, or reduce K; or increase ¢;v; of species performing
S, =Q -7V, any intermediate reaction (the metabolic step to target with the biggest influence on final
yield be calculated, see S1 Appendix).
If feasible, shorten the pathway, e.g. by finding a species that converts substrate i to substrate i
+2 directly (under certain conditions, see SI Appendix).
Tune D to the optimal rate for production.
https://doi.org/10.1371/journal.pone.0218692.t002
Implementation

The model was simulated in the R statistical programming language using the Isoda function
of the deSolve package. Code is available at https://github.com/tim-barra/
BacteriaCommunityEcoEvoModel. Simulations were run for the ecological model (no evolu-
tion) and the evolutionary models in turn: initially for linear pathways with 1, 2 and 3 species,
before implementing a branching and coalescing pathway performed by 8 species. Steady-state
solutions for models with 1 to 3 species for the linear growth function were explored using
SageMathCloud and Collaborative Calculation in the Cloud (CoCalc). The effects of the pack-
aging of enzymes among species were investigated by comparing models with generalists that
express multiple enzymes to models with the same enzymes and values of kinetic parameters
present, but with each enzyme restricted to a different specialist species.

Results

Does packaging of enzymes among species matter for functioning? One
non-evolving generalist

I first consider a single non-evolving generalist that metabolises two input resources with che-
mostat concentration S; and S,. I assume that kinetic parameters of each enzyme are the same
as in the specialists but the generalist allocates a fraction E; of its total enzyme to substrate 1
and E, to substrate 2. Outcomes are more complicated than with two specialists because
dynamics of substrate 1 now also depend on the amount of growth on substrate 2 and vice
versa. If E; = E, = 0.5, the input concentrations of each substrate are equal, and both enzymes
have the same kinetic parameters, then S, and S, are the same for the generalist as for the two
specialists (Fig 3A). In all other cases, solutions differ between the generalist and specialist
cases. For example, if E; > E,, then S, is reduced marginally compared to the specialist solu-
tion (for 0.5 < E; < 1.0, Fig 3B), whereas S, increases, reaching the input concentration Q,
when no enzyme is allocated to substrate 2 (Fig 3B).

Other parameters have consistent effects: the more profitable substrate for growth (either
higher ¢ or k, or lower m) is metabolised less by the generalist than by two specialists, whereas
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Fig 3. Comparison of steady-state solutions with 2 input resources both metabolized into a single waste product by either two specialists (X-axis) or
one generalist species (Y-axes). Each point represents a separate run with parameter values chosen from uniform distributions (c=0.1to 1,v=0.1to 1,
K=0.01to5,D=0.01to 0.05, Q = random partition, i.e. broken stick, of 10 between the two substrates, E = random partition of 1.0). Parameters were fixed
to be the same for substrate 1 and 2 except for the parameter varied in each panel as described in titles. The same parameters were used for matching
specialist and generalist runs represented by a single point in order to compare the effects of enzyme packing into species. Simulations ran for 2000 time

units.

https://doi.org/10.1371/journal.pone.0218692.g003

the less profitable substrate is metabolised more (Fig 3D, 3E and 3F). This is because growth
generated by metabolism of the more abundant resource increases total enzyme for the rarer
resource, NE,, above levels that could be sustained by a specialist; but devoting half the cellular
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enzyme to the less abundant resource reduces metabolism of the more abundant substrate. In
some cases, one of the specialists cannot persist but a generalist can (vertical sequence of blue
points at S, = 5, Fig 3E), and in others specialists can persist but a generalist cannot (horizon-
tal sequence of points at S, = 5, Fig 3E). Clearly the way that enzymes are packaged among
different species alters functioning in this simplest case. Similar results are obtained for a path-
way in which substrate 1 is metabolized into derived substrate 2, which itself can be metabo-
lized for growth (S1 Appendix, S2 Fig).

Does the packaging of enzymes among species matter? Two non-evolving
generalists

The situation changes when 2 species coexist on 2 substrates. Now, irrespective of whether
there are 2 specialists, 2 generalists, or 1 specialist and 1 generalist, the steady-state concentra-
tion of both substrates is the same as the specialist case, S, = D/c,v,, whenever both species
persist. The only change in metabolic functioning occurs if one or both species cannot persist,
in which case functioning is given by single-species solutions. Coexistence is determined by
the following threshold enzyme allocation for the 2-input model with linear growth function
(Fig 4):

avv,Q, — v,D
v, Q) + v v,Qy —v,D —v,D

©)

E thresh —

If one species devotes more enzyme to substrate 1 than this threshold (e.g. E;; > Ejpyesn)
and the other species devotes less enzyme to substrate 1 than the threshold (i.e. E;» < Epyesn),
then the species can coexist. When all enzyme parameters and input concentrations are the
same for both substrates, Ej,,.;, is 0.5: one species needs to be more specialized on substrate 1
and the other more specialized on substrate 2, but even a small divergence from 50:50 alloca-
tion is sufficient for coexistence. Otherwise, if both species devote more enzyme to substrate 1
than this threshold (E;; > Egyeqn and E;; > Ejppesn) then the species with the lowest allocation
to substrate 1, i.e. the more generalist, will persist alone, and functioning collapses back to the
single generalist case described in the previous section (S3 Fig). A similar but reverse outcome
occurs if both species devote more enzyme to substrate 2 (E;; < Egpesn and Ej; < Egpresn S3
Fig). The conclusions also apply to a pathway with 1 input substrate and 1 derived substrate, to
3-species coexistence (S1 Appendix), and to the model with a Monod growth function (S4
Fig). Comparing 2 specialists with 2 generalists, functioning is therefore independent of how
enzymes are packaged among species as long as both species are able to persist in both cases.

The effects of evolution in one and two species models

Steady-state solutions of the linear growth model can be obtained for a single generalist evolv-
ing in its use of 2 input substrates according to Eq 7.

D

S, =— 10
= (10)
~ Vv,V —v,D
El — 171 2Q1 2 (11)
v v,Q + v v,Q, — v,D — v,D
N Vv, Q + v v,Q, — v,D — v,D (12)

ViV,
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Fig 4. Evolutionary trajectories with 2 species and 2 input resources starting from different enzyme allocations.
Species 1 allocates enzyme to substrate 1 more than species 2 does (E;;> = E;,). (A) All parameters equal, v= 0.5,
c¢=0.5,Q; = Q,=5, D =0.02. (B) With different starting densities, N; = 0.5, N, = 0.1. (C) With different conversion
parameters, ¢; = 1.0, ¢, = 0.5. In each case, species evolve towards a region of neutral equilibrium defined by the
threshold in Eq 9, but the final enzyme allocation and densities depend on starting values. The dark grey region also
indicates the region of coexistence of 2 species for an ecological model with no evolution. The lower light grey triangle
indicates the region where species 1 alone persists and the upper light grey triangle indicates the region where species 2
alone persists.

https://doi.org/10.1371/journal.pone.0218692.9004

Evolution therefore simplifies the solution compared to the non-evolving model and yields
a steady-state enzyme allocation with substrate solutions equivalent to 2 specialist species. The
species devotes more enzyme to the resource with the highest balance of growth yield and rate
(i.e. higher value of ¢;v;Q;—D). A specialist on substrate 1 evolves when growth on substrate 2 is
unsustainable (i.e. E . = 1 when Q,<D/c,v, as long as growth on substrate 1 is sustainable, i.e.
Q1>D/cyvy). A specialist on substrate 2 evolves with the reverse conditions. A similarly tracta-
ble result is obtained for a single generalist adapting to 1 input substrate 1 and 1 derived sub-
strate: growth is sustained as long as growth on the input substrate is viable; enzyme is always
allocated to the derived substrate 2 as well for all viable solutions; and there is an inherent ben-
efit towards specializing on the input resource, even if the growth yield on both substrates is
equivalent (S1 Appendix, see also [40]). [41] present general results for optimal allocation of
enzyme in a single species using metabolic control theory.

With two evolving species present, there is a region of neutral equilibrium meeting the cri-
teria for coexistence of two species outlined above: one species has E;; > Eg, s, and E;, <
Enresh» the other the opposite. Systems evolve towards enzyme allocations within the equilib-
rium region determined by starting enzyme allocations and densities (Fig 4), and both species
persist as long as both substrates deliver sustainable growth. The outcome can either be partly
complementary generalists or one specialist and one generalist. Once at steady-state, all sys-
tems deliver the same metabolic functioning as two specialists or a single optimal generalist,
irrespective of starting conditions. There is an eco-evolutionary interaction since the evolution
of species 1 depends on the starting density and enzyme allocation of species 2 and vice versa.
Once a solution with $; = D/¢,v; and S, = D/c,v, is reached, the growth rate of a perfect gener-
alist species or two specialists invading at low frequency is 0, showing that the solution is evo-
lutionarily neutral (S1 Appendix). Similar dynamics are observed for the 1 input, 1 derived
substrate model and for the model with Monod growth (54 Fig).

Evolution therefore facilitates coexistence of 2 generalists and reduces competitive extinc-
tion. As a result, there is considerable functional redundancy since, within the bounds outlined
above, sets of species with different enzyme allocations can provide the same metabolic
functioning.

Ecology, evolution and functioning in a decomposition pathway: 8 species,
11 substrates

To illustrate metabolic functioning of a more diverse community, I simulated communities
with 8 species performing a decomposition pathway inspired by fermentation of indigestible
polysaccharides in the human colon (Fig 5, [42]). Two input substrates (starch and inulin) are
degraded via linear pathways to a set of shared intermediates (lactate and the short-chain fatty
acid acetate) and 3 terminal metabolites (the short-chain fatty acids butyrate and propionate
plus waste gas, representing CO, and methane, which I assume is not metabolized). Starch
enters at higher concentration than inulin (3 versus 2 units of concentration). The pathway
could also represent breakdown of two input resources (e.g. cellulose and chitin) by a soil or
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aquatic bacteria community [43]. My aim is to investigate in theory how species packaging
and evolution affects functioning, rather than simulate a real pathway, which in the gut con-
tains many more steps [42].

Again, I randomly allocated enzyme among species so that starting inoculum contained the
same amount of each enzyme in every run. By chance this can result in functional redundancy,
i.e. multiple species sharing similar resource use profiles. Enzyme parameters were chosen at ran-
dom from uniform distributions set to allow general persistence of the diverse system (¢ = 0.13 to
1,v=0.13t0 1,K=0.13to 1, D = 0.01 to 0.05) and Monod growth was used since analytical solu-
tions were unfeasible. I assumed that both steps out of a branching point in the network have the
same rate parameters and yields, and starting species using that metabolite were allocated equal
amounts of each enzyme (e.g. 33% of enzyme breaking down lactate is assigned to each of the
three breakdown steps to produce propionate, butyrate and acetate in turn).

Ecological model. With the chosen range of parameter values, all 8 species survived in
most runs of the ecological model with specialists (874/1000, average number of species surviv-
ing = 7.8 £ 0.8 sd). With generalists, fewer species survived: only rarely did all 8 species survive
(40/1000, average number of species surviving = 5.3 + 1.3 sd). The most abundant species
comprised an average 42+12% of total bacterial yield in the generalist communities versus
2446% of yield in the specialist communities. Surviving species on average allocated more
enzyme to the starch input pathway than starting species, because of the higher influx concen-
tration of starch than inulin, and to acetate degradation, because more energy flows through
acetate than other intermediates in this pathway (arrow thickness, Fig 5). Survivors were also
marginally more distinct from each other in enzyme allocations (mean pairwise Euclidean dis-
tance higher in 622/1000 cases, 2.8% higher on average) and slightly more specialist (mean
allocation to leading enzyme higher in 573/1000 cases, 1.8% higher on average) than the start-
ing species.

The steady-state of input and intermediate substrates was on average lower for the general-
ist community than for the specialist community (colour shading Fig 5 and S5 Fig). In con-
trast, the concentration of terminal metabolites was on average higher for generalists as was
total bacterial biomass (higher for generalist communities than specialist communities in 857/
1000 cases, 5.8% higher on average, S5 Fig). Together this indicates that the whole pathway ran
at a faster rate with generalists than specialists: generalists sustained higher community-level
concentrations of enzymes for less profitable steps than specialist communities could.

Transient dynamics also varied (S6 Fig). On average, the generalist communities took 72%
longer to reach steady-state for input substrates than specialist communities but were 20%
quicker to produce terminal substrates. This occurred because growth on the input substrates
increases concentrations of enzymes for later substrates in the generalist community, whereas
specialists on later substrates only grow once those substrates are present in high abundance.

Evolutionary model. Allowing species to evolve changes the outcomes. Now 8 species
survived in nearly all runs (998/1000) and metabolic functioning converged towards the corre-
sponding specialist run (Fig 6, S7 Fig). Exceptions arose when not all specialist species could
survive, i.e. because one step did not yield sufficient energy to outgrow dilution rate. The
evolving generalists retained some enzyme allocation to those substrates because they do pro-
vide energy for growth, just not enough to sustain a specialist. In many of those cases, all 8 spe-
cies evolved to have near identical phenotypes, i.e. the optimum allocation for a single species
utilizing this pathway (S8 Fig). Even when 8 functionally divergent species survived (905/1000
runs) species tended to converge in enzyme allocation patterns (mean pairwise Euclidean dis-
tance 0.2940.06sd versus 0.41+0.04sd for surviving generalists in the ecological model).

Evolutionary outcomes depend on the trade-off between specialism and generalism.
The above models assume a linear trade-off that a generalist with equal allocation to two
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Fig 5. A decomposition pathway inspired by fermentation of indigestible polysaccharides in the human gut by the microbiome.
Simulations of the ecological model with 8 species were run in pairs: one version with a set of specialists degrading each input and
intermediate metabolite in turn and one version with generalists with random complementary allocation of enzymes for each metabolic
step among species (so that each enzyme summed to 1.0 across the set of species, and enzyme allocation summed to 1 within each species).
Parameter values were drawn from uniform distributions (between 0.13 to 1 for ¢, v and K parameters, and between 0.01 to 0.05 for D).
Values for each enzyme were the same within a specialist versus generalist pair of simulations, but varied among 1000 replicated runs of
those pairs. Red = higher steady-state concentrations of a metabolite for generalists than specialists, on average across 1000 replicates.
Blue = lower concentrations for generalists than specialists. The thickness of arrows is proportional to the difference in average allocation of

enzyme to that step between the starting species of generalists and the final surviving species: values ranged from 0.008 for starch to malto-
oligosaccharides to -0.006 for fructo-oligosaccharide to fructose.

https://doi.org/10.1371/journal.pone.0218692.g005
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enzymes grows half as fast on each substrate (when in excess) as a specialist. To investigate the
effect of stronger trade-offs, I introduced a parameter a, which I term the cost of generalism.
Now the rate of metabolism for each reaction becomes

Vijk (Eijk)us'

Ja = m (13)

ijk

vikSia(Eir)" ™

1
and the selection gradient for enzyme ijk becomes . In a generalist, all E<1 and so
(Kijk+8;)

a>1 causes a concave trade-off and the growth rate on each substrate is lower than with a lin-
ear trade-off. This reflects a cost of generalism, for example maintaining the machinery to
express different enzymes, that increases as more enzymes are present.

A concave trade-off switches the balance towards specialism. Consequently, non-evolving
generalist communities now display worse overall metabolic functioning than specialists, with
higher concentrations of input and intermediate substrates and lower concentrations of termi-
nal products (Fig 7 and S9 Fig). Evolution now improves functioning relative to a non-evolv-
ing community of generalists (S10 Fig), and species diverge in their enzyme profiles (Fig 8).
Simulations started with specialists remained as strict specialists rather than converging as
they did with a linear trade-off. The evolving community did not reach the level of functioning
of a community of strict specialists, however, over the timescale of the simulations. There
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Fig 6. Simulations of the simplified gut pathway starting with 8 species. In each plot, the value for the generalist community is the Y axis and the value for the
matching specialist community is the X axis. The top row (A to E) shows results for the ecological model and the bottom row (F to J) shows results for the evolutionary
model. An example of an input substrate (S}, starch, A, F), intermediate substrate on input pathway (S, glucose, B, G), intermediate substrate on converging pathway
(Ss» acetate, C, H) and terminal substrate (S;4, butyrate, D, I), and the total bacterial biomass (E, J) are shown. Blue = more species survive in specialist run;

yellow = same number of species survive; red = more species survive in generalist run. Each point represents a separate run with parameters chosen from uniform
distributions (0.13 to 1 for ¢, v and K parameters, 0.01 to 0.05 for D, E of each species = random partition of 1.0 for the generalist model), which were the same for each
enzyme for the matched specialist and generalist versions of each run. Simulations ran for 20000 time units, with 1000 replicated runs.

https://doi.org/10.1371/journal.pone.0218692.9006

remain constraints therefore in reaching enzyme allocations across species that deliver opti-
mum community-level functioning.

Discussion

The packaging of traits among species was important for overall functioning. A community of
generalists functions differently from a community of specialists, because packaging-namely,
which combination of enzymes are found together in the same species versus different spe-
cies-introduces constraints on outcomes. Generalist communities can sustain metabolic steps
that are not profitable enough for a specialist to grow faster than dilution, but in doing so gen-
eralist species lose out from additional growth on more profitable substrates. Transient
dynamics also depend on how enzymes are packaged among species: generalist communities
are slower to respond to an initial excess of input substrate, but quicker to perform linear
decomposition pathways because enzyme levels for later steps are ‘primed’ by earlier ones.
Nonetheless, the models also predict considerable functional redundancy. Functioning con-
verged on the same outcome whenever enzyme concentrations were able to reach optimum
system-level concentrations: either by ecological changes in species densities or evolution of
enzyme allocations. A range of species densities and evolutionary endpoints yielded the same
metabolic functioning: there were multiple ways of packaging enzymes to yield identical func-
tioning. There are reasons to suspect, however, that real communities are less redundant than
found here. First, functional redundancy was only extensive when there was a weak cost to
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Fig 7. Average values of measures of functioning across trials with a linear trade-off for generalists (a = 1) versus a concave trade-off
(a =2). A) Mean concentration of substrate 1, i.e. input starch. Higher values = less efficient degradation. B) Mean concentration of
substrate 10, i.e. butyrate, a beneficial terminal product. Values are shown for non-evolving generalists (dark grey), evolving generalists
(mid grey) and evolving communities that started as specialists (light grey). Parameter values assigned as described in Fig 6. Standard
errors across 1000 replicate runs are shown.

https://doi.org/10.1371/journal.pone.0218692.9007

generalism (i.e. a linear trade-off). Second, I assumed that an enzyme’s kinetic parameters are
the same irrespective of which species it is found in. If some species have faster reactions or
lower saturation constants than others, this would shift competition in their favour. Third, I
assumed that all species can evolve all patterns of enzyme allocation, which is unlikely. It is
therefore likely that species matter even more in real communities than found here.

Evolution generally resulted in a less productive community that yielded lower levels of end
products than a non-evolving community of generalists, when a linear trade-off for generalism
was assumed. With a concave trade-off, evolution now improved metabolic functioning rela-
tive to the non-evolving generalist case, but it still did not always lead to perfect specialism,
which yielded the best overall metabolic pathway rate in these conditions. These results gener-
ate predictions of when evolution should improve or reduce functioning of a set of species
encountering a new environment, which depends on starting phenotypes as well as the selec-
tion gradients on changing enzyme profiles. They also confirm that optimum functioning of
the whole community need not be selected for within species [26]. Models based on assuming
optimality of the whole system might not be applicable to species communities: instead, mod-
els are needed that explicitly consider dynamics and progress towards final states.

The model incorporates eco-evolutionary interactions [44-46]. Species evolution depended
on the traits of other species, and species densities were affected by evolution. I only modelled
one mutation rate here, but because starting conditions affected final outcomes, the speed of
evolution would change the outcome (e.g. lengthening or shortening trajectories in Fig 4). In
the model with a linear trade-off for generalists, species tended to converge in trait values.
Again, this likely reflects the frugal approach to parameters and broad equivalence of species
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Fig 8. Evolution of enzyme allocations across the 8 species for one exemplar run over the first 2000 time steps with a linear trade-off for
generalists (a = 1) or a concave tradeoff (a = 2). The run started in both cases with a generalist community. Each colour represents the
proportion of enzyme allocated to metabolizing a different substrate (labels under a = 2 correspond to labels of substrates on pathway in Fig 5).
With a concave trade-off, species evolve to be more specialists (more of one colour) and partition resources (species tend to have different
colours). Species 2 went extinct within the first 2000 time steps with a = 2. Parameter values were assigned as described in Fig 6, just one
exemplar run shown.

https://doi.org/10.1371/journal.pone.0218692.9008

except enzyme allocation. All species experienced the same selection pressure at each time
based on resource availability, but outcomes differed because of different starting phenotypes.
If species differed in enzyme kinetic parameters as well, then selection pressures would vary
across species and lead to a wider range of outcomes.

How do these predictions compare to experimental evidence? Gravel et al. [47] evolved a
set of species to be either more specialist or more generalist in turn and then constructed com-
munities from them. The generalist communities displayed greater productivity than specialist
communities (measured over 72 hours, which was too short for further evolution, hence equiv-
alent to non-evolving simulations), which matches predictions here for the linear trade-off for
generalism.
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There is also some evidence for species evolving towards convergent resource use. Foster
and Bell [48] found that random pairs of wild species isolated from tree-hole communities
tend to have negative interactions indicative of overlapping resource use. These findings pre-
sented a paradox as to how species coexist in nature. One answer is that many other environ-
mental parameters vary spatially or temporally and species grow differentially with respect to
those. The model presents an alternative: species coexist in a near neutral equilibrium shaped
by evolutionary responses to resource competition. Four studies of coevolving species in labo-
ratory microcosms, however, find results more consistent with a concave resource trade-off:
species evolved resource partitioning over time leading to increased community productivity
[27, 43, 49, 50].

Clearly more quantitative evaluation is required to investigate such cases. The models do
not currently match experiments in detail. I assumed unusual starting conditions that comple-
mentary generalists are present, in order to investigate the effects of species packaging while
holding other variables constant. This assumption is unrealistic for arbitrary starting species.
Another difference is that I assumed constant resource supply whereas experiments used serial
transfer or growth in batch, which causes fluctuating levels of input versus derived resources
[30]. These modifications could be investigated in future. Another assumption for investiga-
tion is that metabolite use evolves through changes in the allocation of a fixed total enzyme
content per cell to different metabolic pathways. The existence of cellular trade-offs in protein
allocation have support from biochemical theory and data showing that competition for cellu-
lar energy and protein synthesis machinery (i.e. a finite number of ribosomes) limits total pro-
tein amounts and overall growth rate [31,32]. But changes in total protein content and gain or
loss of genes might additionally occur in real systems. More specific consideration of the
genetics of resource use evolution, for example through mutations to regulatory pathways,
might also be needed to predict real systems: the present model assumes the contribution of
multiple genes (i.e. a quantitative trait) but does not consider genetic mechanisms explicitly.
Future versions could also model explicitly the role of bacterial evolution in interactions
between hosts and microbiomes, including greater diversity of metabolites than considered
here and more fine-scale spatial and temporal variation in resource availability along the gut
[51]. This could include potential for community-level selection on microbiome functions that
affect host fitness.

The model provides guidance for predicting microbial functioning from genome data.
Under most conditions, single cell genomics or long-read sequencing technology would be
needed to infer which genes are found together within genomes; a metagenomics gene-level
approach would not be sufficient to infer overall function. More challenging still, replicates
show that functioning depends greatly on quantitative parameter values, not just enzyme pres-
ence or absence. Genome data do not readily yield estimates of kinetic parameters for enzymes.

In principle, the model could be parameterised for quantitative predictions. Species’ growth
rates can be measured on media of each substrate to estimate kinetic and conversion parame-
ters. RNA sequencing could reveal which enzymes are expressed during growth on complex
media [52]. Selection experiments in monocultures could estimate rates of evolution and
genetic correlations between use of alternative resources [53]. A parameterised model could
then be simulated to see if it predicts responses in an experimental community, followed by
exploration of extra processes needed to improve model fit. Alternatively, with whole commu-
nities, a combination of modelling, experimental perturbation [54], and time series of geno-
mic, transcriptomic and metabolic data [55, 56] could be used to estimate key dynamic
quantities. For example, does a non-evolving model parameterised at an early time-point ade-
quately predict dynamics at a later time point or is evolution of species traits needed to explain
later dynamics?
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To conclude, although there are theoretical scenarios in which packaging of enzymes among
species makes little difference to overall functioning (specifically with evolution and a linear
trade-off), it is more likely that the packaging of enzymes among species does affect overall func-
tioning. Species-based ecological and evolutionary models are vital in order to track bacterial
dynamics and functioning and to design interventions for enhancing beneficial functions.

Supporting information

S1 Appendix. Additional explanation and derivation of the model.
(PDF)

S1 Fig. For alinear pathway of 4 specialists degrading a single input resource: (A) the amount
of substrate 1 degraded per unit time, i.e. D(Q, — S,); (B) The amount of each derived sub-
strate produced per unit time, which is DS, below the threshold for washout of species i and D
(Q1- Yi) above the threshold. Parameter values were: input substrate concentration, Q1 = 0.5
(in D and E); all v = 0.2; all K = 1; values of ¢ chosen from a normal distribution with mean 1
and sd 0.2, = 1.56, 0.80, 0.89, 1.45 for each reaction in turn. Note the maximum production
rate of substrate 2 (orange) occurs at a higher dilution rate than the threshold for persistence
of species 2 (which is at the inflection point on the orange curve), but for all other substrates

the optimum dilution rate is at the threshold for persistence of the corresponding species.
(PDF)

$2 Fig. Comparison of steady-state solutions with 1 input and 1 derived substrate metabo-
lized by either two specialists (X-axis) or one generalist species (Y-axes). Each point repre-
sents a separate run with parameter values chosen from uniform distributions (¢ = 0.1 to 1,
v=0.1to1,K=0.01to5,D =0.01to 2, E = random partition of 1.0). Input concentration of
substrate 1 was held fixed at 5 units. Parameters were fixed to be the same for substrate 1 and 2
except for the parameter varied in each panel as described in titles. The same parameters were
used for matching specialist and generalist runs represented by a single point in order to com-
pare the effects of enzyme packing into species. Simulations ran for 2000 time units.

(PDF)

S3 Fig. Simulations of a model with 2 input substrates and 2 species. Steady-state concentra-
tions of substrate 1 (A) and 2 (B) for 2 specialists (x-axis) versus 2 generalists (y-axis). Red =
just species 1 survives; blue = just species 2 survives; black = both species survive. Species 1 is
defined as the species allocating most enzyme to substrate 1, i.e. E11>>E12. Steady-state con-
centrations for substrates 1 (C) and 2 (D) when the generalist species are able to evolve during
the simulation. Each point represents a separate run with parameter values chosen from uni-
form distributions (c=0.13to 1, v=0.13 to 1, D = 0.01 to 0.05, E = random partition of 1.0).
Simulations ran for 20000 time units.

(PDF)

S4 Fig. Simulations of a model with 1 input and 1 derived substrate and 2 species. Steady-
state concentrations of substrate 1 (A) and 2 (B) for 2 specialists (x-axis) versus 2 generalists
(y-axis). Red = just species 1 survives; blue = just species 2 survives; black = both species sur-
vive. Species 1 is defined as the species allocating most enzyme to substrate 1, i.e. E11>E12.
Steady-state concentrations for substrates 1 (C) and 2 (D) when the generalist species are able
to evolve during the simulation. Each point represents a separate run with parameter values
chosen from uniform distributions (¢ =0.13to 1, v=0.13 to 1, D = 0.01 to 0.05, E = random
partition of 1.0). Simulations ran for 20000 time units.

(PDF)
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S5 Fig. Simulations of the ecological model of the simplified gut pathway starting with 8
species. Steady-state concentrations of substrates and biomass for specialists (x-axis) versus
non-evolving generalists (y-axis). Blue = more species survive in specialist run; yellow =

same number of species survive; red = more species survive in generalist run. Each point repre-
sents a separate run with parameter values chosen from uniform distributions (¢ = 0.13 to 1,
v=0.13to 1, d =0.01 to 0.05, E = random partition of 1.0). Simulations ran for 20000 time
units.

(PDF)

$6 Fig. An example of transient dynamics in substrate concentrations of a corresponding
generalist (solid lines) and specialist (dashed lines) community for a linear pathway of 3
species. Similar outcomes were observed for the 8-species community but a 3-species systems
is shown here for clearer visualization. Parameter values for this example: ¢; = 0.20, ¢, = 0.33,
c3=0.23,v;=0.28,v,=0.57,v;=0.24, D = 0.045, Q; = 6, species 1 E;; = 0.04, E,; = 0.36, E;; =
0.60, species 2 E;, = 0.65, E;, = 0.01, E3, = 0.34, species 3 E;3=0.32, E;5 = 0.63, E33 = 0.05.
(PDF)

S7 Fig. Simulations of the simplified gut pathway starting with 8 species. Steady-state con-
centrations of substrates and biomass for specialists (x-axis) versus evolving generalists (y-
axis). Blue = more species survive in specialist run; yellow = same number of species survive;
red = more species survive in generalist run. Each point represents a separate run with param-
eter values chosen from uniform distributions (¢ =0.13 to 1, v=0.13 to 1, D = 0.01 to 0.05,

E = random partition of 1.0). Simulations ran for 20000 time units.

(PDF)

S8 Fig. The mean Euclidean distance for enzyme allocation between species at the start of
each run and at the end of the run allowing species to evolve. Red = not all specialists sur-
vived in the specialist run. Yellow = same number of species survived in the specialist and
evolving generalist runs. The 1:1 line is shown: in every run, the species are more similar in
their enzyme profile by the end than at the start.

(PDF)

S9 Fig. Simulations of the ecological model of the simplified gut pathway starting with 8
species and a cost of generalism exponent a = 2, i.e. a concave trade-off for generalism.
Steady-state concentrations of substrates and biomass for specialists (x-axis) versus non-evolv-
ing generalists (y-axis). Blue = more species survive in specialist run; yellow = same number of
species survive; red = more species survive in generalist run. Each point represents a separate
run with parameter values chosen from uniform distributions (c=0.13to 1, v=0.13 to 1,

D =0.01 to 0.05, E = random partition of 1.0). Simulations ran for 20000 time units.

(PDF)

$10 Fig. Simulations of the evolutionary model of the simplified gut pathway starting

with 8 species and a cost of generalism exponent a = 2, i.e. a concave trade-off for gen-
eralism. Steady-state concentrations of substrates and biomass for specialists (x-axis) versus
evolving generalists (y-axis). Blue = more species survive in specialist run; yellow = same
number of species survive; red = more species survive in generalist run. Each point represents a
separate run with parameter values chosen from uniform distributions (¢ = 0.13 to 1,
v=0.13to 1, D =0.01 to 0.05, E = random partition of 1.0). Simulations ran for 20000 time
units.

(PDF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0218692  August 19, 2019 19/23


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s009
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s010
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218692.s011
https://doi.org/10.1371/journal.pone.0218692

@ PLOS|ONE

Evolving microbial communities

Acknowledgments

Thanks to Ana Gomez and Michael Schmutzer for providing some code used in simulations

and Tom Bell, Glenn Gibson, Laura Johnson, Russ Lande, Sarah Otto, Dan Reuman, Richard
Sheppard for discussion and comments. This work started during a Visiting Professorship at
the University of British Columbia.

Author Contributions

Conceptualization: Timothy G. Barraclough.

Formal analysis: Timothy G. Barraclough.

Funding acquisition: Timothy G. Barraclough.

Investigation: Timothy G. Barraclough.

Methodology: Timothy G. Barraclough.

Software: Timothy G. Barraclough.

Visualization: Timothy G. Barraclough.

Writing - original draft: Timothy G. Barraclough.

Writing - review & editing: Timothy G. Barraclough.

References

1.

10.

Milucka J, Ferdelman TG, Polerecky L, Franzke D, Wegener G, Schmid M, et al. Zero-valent sulphur is
a key intermediate in marine methane oxidation. Nature. 2012; 491(7425):541—+. https://doi.org/10.
1038/nature11656 1S1:000311339800041. PMID: 23135396

Bulgarelli D, Rott M, Schlaeppi K, van Themaat EVL, Ahmadinejad N, Assenza F, et al. Revealing struc-
ture and assembly cues for Arabidopsis root-inhabiting bacterial microbiota. Nature. 2012; 488
(7409):91-5. https://doi.org/10.1038/nature 11336 1S1:000307010700039. PMID: 22859207

Nicholson JK, Holmes E, Kinross J, Burcelin R, Gibson G, Jia W, et al. Host-Gut Microbiota Metabolic
Interactions. Science. 2012; 336(6086):1262—7. https://doi.org/10.1126/science.1223813
1S1:000304905300035. PMID: 22674330

Sunagawa S, Coelho LP, Chaffron S, Kultima JR, Labadie K, Salazar G, et al. Structure and function of
the global ocean microbiome. Science. 2015; 348(6237). https://doi.org/10.1126/science.1261359
WOS:000354877900031. PMID: 25999513

Morales SE, Holben WE. Linking bacterial identities and ecosystem processes: can ‘omic’ analyses be
more than the sum of their parts? Fems Microbiol Ecol. 2011; 75(1):2—16. https://doi.org/10.1111/j.
1574-6941.2010.00938.x 1S1:000285007300002. PMID: 20662931

Prosser JI, Bohannan BJM, Curtis TP, Ellis RJ, Firestone MK, Freckleton RP, et al. Essay—The role of
ecological theory in microbial ecology. Nature Reviews Microbiology. 2007; 5(5):384—92. https://doi.
org/10.1038/nrmicro1643 1S1:000245832200014. PMID: 17435792

Bell T, Newman JA, Silverman BW, Turner SL, Lilley AK. The contribution of species richness and com-
position to bacterial services. Nature. 2005; 436(7054):1157—60. IS1:000231416600046. https://doi.org/
10.1038/nature03891 PMID: 16121181

Ilves AR, Carpenter SR. Stability and diversity of ecosystems. Science. 2007; 317(5834):58—62. https:/
doi.org/10.1126/science.1133258 1S1:000247776700038. PMID: 17615333

Widder S, Allen RJ, Pfeiffer T, Curtis TP, Wiuf C, Sloan WT, et al. Challenges in microbial ecology:
building predictive understanding of community function and dynamics. Isme J. 2016; 10(11):2557—-68.
https://doi.org/10.1038/ismej.2016.45 WOS:000387035700001. PMID: 27022995

Roling WF, van Bodegom PM. Toward quantitative understanding on microbial community structure
and functioning: a modeling-centered approach using degradation of marine oil spills as example. Front
Microbiol. 2014; 5:125. https://doi.org/10.3389/fmicb.2014.00125 PMID: 24723922; PubMed Central
PMCID: PMCPMC3972468.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218692  August 19, 2019 20/23


https://doi.org/10.1038/nature11656
https://doi.org/10.1038/nature11656
http://www.ncbi.nlm.nih.gov/pubmed/23135396
https://doi.org/10.1038/nature11336
http://www.ncbi.nlm.nih.gov/pubmed/22859207
https://doi.org/10.1126/science.1223813
http://www.ncbi.nlm.nih.gov/pubmed/22674330
https://doi.org/10.1126/science.1261359
http://www.ncbi.nlm.nih.gov/pubmed/25999513
https://doi.org/10.1111/j.1574-6941.2010.00938.x
https://doi.org/10.1111/j.1574-6941.2010.00938.x
http://www.ncbi.nlm.nih.gov/pubmed/20662931
https://doi.org/10.1038/nrmicro1643
https://doi.org/10.1038/nrmicro1643
http://www.ncbi.nlm.nih.gov/pubmed/17435792
https://doi.org/10.1038/nature03891
https://doi.org/10.1038/nature03891
http://www.ncbi.nlm.nih.gov/pubmed/16121181
https://doi.org/10.1126/science.1133258
https://doi.org/10.1126/science.1133258
http://www.ncbi.nlm.nih.gov/pubmed/17615333
https://doi.org/10.1038/ismej.2016.45
http://www.ncbi.nlm.nih.gov/pubmed/27022995
https://doi.org/10.3389/fmicb.2014.00125
http://www.ncbi.nlm.nih.gov/pubmed/24723922
https://doi.org/10.1371/journal.pone.0218692

@ PLOS|ONE

Evolving microbial communities

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.
27.

28.

29.

30.

31.

Huttenhower C, Gevers D, Knight R, Abubucker S, Badger JH, Chinwalla AT, et al. Structure, function
and diversity of the healthy human microbiome. Nature. 2012; 486(7402):207—14. https://doi.org/10.
1038/nature11234 1S1:000305189000025. PMID: 22699609

Qin J, Li R, Raes J, Arumugam M, Burgdorf KS, Manichanh C, et al. A human gut microbial gene cata-
logue established by metagenomic sequencing. Nature. 2010; 464(7285):59-U70. https://doi.org/10.
1038/nature08821 WOS:000275117500033. PMID: 20203603

Flint HJ, Scott KP, Duncan SH, Louis P, Forano E. Microbial degradation of complex carbohydrates in
the gut. Gut Microbes. 2012; 3:4:289-306. https://doi.org/10.4161/gmic.19897 PMID: 22572875

Karlsson FH, Nookaew I, Petranovic D, Nielsen J. Prospects for systems biology and modeling of the
gut microbiome. Trends Biotechnol. 2011; 29(6):251-8. https://doi.org/10.1016/j.tibtech.2011.01.009
1S1:000291499200001. PMID: 21392838

Sampson TR, Mazmanian SK. Control of Brain Development, Function, and Behavior by the Micro-
biome. Cell Host & Microbe. 2015; 17(5):565-76. https://doi.org/10.1016/j.chom.2015.04.011
WOS:000356101500009. PMID: 25974299

Munoz-Tamayo R, Laroche B, Walter E, Dore J, Leclerc M. Mathematical modelling of carbohydrate
degradation by human colonic microbiota. J Theor Biol. 2010; 266(1):189-201. https://doi.org/10.1016/
j.jtbi.2010.05.040 1S1:000280929800018. PMID: 20561534

Weimer PJ. Redundancy, resilience, and host specificity of the ruminal microbiota: implications for engi-
neering improved ruminal fermentations. Frontiers in Microbiology. 2015; 6. https://doi.org/10.3389/
fmicb.2015.00296 WOS:000352555500002. PMID: 25914693

Lozupone CA, Stombaugh JI, Gordon JI, Jansson JK, Knight R. Diversity, stability and resilience of the
human gut microbiota. Nature. 2012; 489(7415):220-30. https://doi.org/10.1038/nature11550
1S1:000308635900030. PMID: 22972295

Franzosa EA, Hsu T, Sirota-Madi A, Shafquat A, Abu-Ali G, Morgan XC, et al. Sequencing and beyond:
integrating molecular ‘omics’ for microbial community profiling. Nature Reviews Microbiology. 2015; 13
(6):360—72. https://doi.org/10.1038/nrmicro3451 WOS:000354541500009. PMID: 25915636

Browne HP, Forster SC, Anonye BO, Kumar N, Neville BA, Stares MD, et al. Culturing of ‘'unculturable’
human microbiota reveals novel taxa and extensive sporulation. Nature. 2016; 533(7604):543—+.
https://doi.org/10.1038/nature 17645 WOS:000376443100043. PMID: 27144353

Albertsen M, Hansen LBS, Saunders AM, Nielsen PH, Nielsen KL. A metagenome of a full-scale micro-
bial community carrying out enhanced biological phosphorus removal. Isme J. 2012; 6(6):1094—106.
https://doi.org/10.1038/ismej.2011.176 1S1:000304047800002. PMID: 22170425

Perez-Garcia O, Lear G, Singhal N. Metabolic Network Modeling of Microbial Interactions in Natural
and Engineered Environmental Systems. Front Microbiol. 2016; 7:673. https://doi.org/10.3389/fmicb.
2016.00673 PMID: 27242701; PubMed Central PMCID: PMCPMC4870247.

Shoaie S, Karlsson F, Mardinoglu A, Nookaew |, Bordel S, Nielsen J. Understanding the interactions
between bacteria in the human gut through metabolic modeling. Sci Rep. 2013; 3:2532. https://doi.org/
10.1038/srep02532 PMID: 23982459; PubMed Central PMCID: PMCPMC3755282.

Cordero OX, Polz MF. Explaining microbial genomic diversity in light of evolutionary ecology. Nature
Reviews Microbiology. 2014; 12(4):263—-73. https://doi.org/10.1038/nrmicro3218
WOS:000332939000011. PMID: 24590245

Barraclough TG. How Do Species Interactions Affect Evolutionary Dynamics Across Whole Communi-
ties? Annu Rev Ecol Evol S. 2015; 46:25-48. https://doi.org/10.1146/annurev-ecolsys-112414-054030
WOS:000367292700002.

Barraclough TG. The Evolutionary Biology of Species. Oxford: Oxford University Press; 2019.

Lawrence D, Fiegna F, Behrends V, Bundy JG, Phillimore AB, Bell T, et al. Species Interactions Alter
Evolutionary Responses to a Novel Environment. Plos Biology. 2012; 10(5). Artn E1001330 https://doi.
org/10.1371/Journal.Pbio.1001330 ISI:000304770600012. PMID: 22615541

Gudelj I, Beardmore RE, Arkin SS, Maclean RC. Constraints on microbial metabolism drive evolutionary
diversification in homogeneous environments. J Evolution Biol. 2007; 20(5):1882-9. https://doi.org/10.
1111/J.1420-9101.2007.01376.X 1S1:000249166200024. PMID: 17714305

Herbert D, Elsworth R, Telling RC. The continuous culture of bacteria; a theoretical and experimental
study. J gen Microbiol. 1956; 14:601-22. https://doi.org/10.1099/00221287-14-3-601 PMID: 13346021

Stewart FM, Levin BR. Partitioning of resources and the outcome of interspecific competition: a model
and some general considerations. Am Nat. 1973; 107:171-98.

Berkhout J, Bosdriesz E, Nikerel E, Molenaar D, de Ridder D, Teusink B, et al. How biochemical con-
straints of cellular growth shape evolutionary adaptations in metabolism. Genetics. 2013; 194(2):505—
12. https://doi.org/10.1534/genetics.113.150631 PMID: 23535382; PubMed Central PMCID:
PMCPMC3664859.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218692  August 19, 2019 21/23


https://doi.org/10.1038/nature11234
https://doi.org/10.1038/nature11234
http://www.ncbi.nlm.nih.gov/pubmed/22699609
https://doi.org/10.1038/nature08821
https://doi.org/10.1038/nature08821
http://www.ncbi.nlm.nih.gov/pubmed/20203603
https://doi.org/10.4161/gmic.19897
http://www.ncbi.nlm.nih.gov/pubmed/22572875
https://doi.org/10.1016/j.tibtech.2011.01.009
http://www.ncbi.nlm.nih.gov/pubmed/21392838
https://doi.org/10.1016/j.chom.2015.04.011
http://www.ncbi.nlm.nih.gov/pubmed/25974299
https://doi.org/10.1016/j.jtbi.2010.05.040
https://doi.org/10.1016/j.jtbi.2010.05.040
http://www.ncbi.nlm.nih.gov/pubmed/20561534
https://doi.org/10.3389/fmicb.2015.00296
https://doi.org/10.3389/fmicb.2015.00296
http://www.ncbi.nlm.nih.gov/pubmed/25914693
https://doi.org/10.1038/nature11550
http://www.ncbi.nlm.nih.gov/pubmed/22972295
https://doi.org/10.1038/nrmicro3451
http://www.ncbi.nlm.nih.gov/pubmed/25915636
https://doi.org/10.1038/nature17645
http://www.ncbi.nlm.nih.gov/pubmed/27144353
https://doi.org/10.1038/ismej.2011.176
http://www.ncbi.nlm.nih.gov/pubmed/22170425
https://doi.org/10.3389/fmicb.2016.00673
https://doi.org/10.3389/fmicb.2016.00673
http://www.ncbi.nlm.nih.gov/pubmed/27242701
https://doi.org/10.1038/srep02532
https://doi.org/10.1038/srep02532
http://www.ncbi.nlm.nih.gov/pubmed/23982459
https://doi.org/10.1038/nrmicro3218
http://www.ncbi.nlm.nih.gov/pubmed/24590245
https://doi.org/10.1146/annurev-ecolsys-112414-054030
https://doi.org/10.1371/Journal.Pbio.1001330
https://doi.org/10.1371/Journal.Pbio.1001330
http://www.ncbi.nlm.nih.gov/pubmed/22615541
https://doi.org/10.1111/J.1420-9101.2007.01376.X
https://doi.org/10.1111/J.1420-9101.2007.01376.X
http://www.ncbi.nlm.nih.gov/pubmed/17714305
https://doi.org/10.1099/00221287-14-3-601
http://www.ncbi.nlm.nih.gov/pubmed/13346021
https://doi.org/10.1534/genetics.113.150631
http://www.ncbi.nlm.nih.gov/pubmed/23535382
https://doi.org/10.1371/journal.pone.0218692

@ PLOS|ONE

Evolving microbial communities

32.

33.

34.

35.

36.

37.

38.

39.
40.

41.
42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52,

53.

54.

Weisse AY, Oyarzun DA, Danos V, Swain PS. Mechanistic links between cellular trade-offs, gene
expression, and growth. P Natl Acad Sci USA. 2015; 112(9):E1038-E47. WOS:000350224900018.

Kovarova-Kovar K, Egli T. Growth Kinetics of Suspended Microbial Cells: From Single-Substrate-Con-
trolled Growth to Mixed-Substrate Kinetics. Microbiol Mol Biol Rev. 1998; 62:646—66. PMID: 9729604

Harder W, Dijkhuizen L, Postgate JR. Strategies of Mixed Substrate Utilization in Microorganisms [and
Discussion]. Philosophical Transactions of the Royal Society B: Biological Sciences. 1982; 297
(1088):459-80. https://doi.org/10.1098/rstb.1982.0055 PMID: 6180444

Henirich R, Rapoport TA. A linear steady-state treatment of enzymatic chains: general propoerties, con-
trol and effector strength. European Journal of Biochemistry. 1974; 42:89-95. https://doi.org/10.1111/].
1432-1033.1974.tb03318.x PMID: 4830198

Hsu SB, Hubbell S, Waltman P. A Mathematical Theory for Single-Nutrient Competition in Continuous
Cultures of Micro-Organisms. SIAM J Appl Math. 1977; 32:366-83.

Saloniemi |. A coevolutionary predator-prey model with quantitative characters. Am Nat. 141;141:880-
96.

Lande R. Natural selection and random genetic drift in phenotypic evolution. Evolution. 1976; 30:314—
34. https://doi.org/10.1111/j.1558-5646.1976.tb00911.x PMID: 28563044

Lynch M, Gabriel W. Phenotypic evolution and parthenogenesis. Am Nat. 1983; 122:745-64.

Pfeiffer T, Bonhoeffer S. Evolution of cross-feeding in microbial populations. American Naturalist. 2004;
163(6):E126-E35. https://doi.org/10.1086/383593 WOS:000222268200002. PMID: 15266392

Heinrich R, Schuster S. The Regulation of Cellular Systems. New York: Chapman & Hall; 1996.

Kettle H, Louis P, Holtrop G, Duncan SH, Flint HJ. Modelling the emergent dynamics and major metabo-
lites of the human colonic microbiota. Environ Microbiol. 2015; 17(5):1615-30. https://doi.org/10.1111/
1462-2920.12599 WOS:000353507100012. PMID: 25142831

Rivett DW, Scheuerl T, Culbert CT, Mombrikotb SB, Johnstone E, Barraclough TG, et al. Resource-
dependent attenuation of species interactions during bacterial succession. Isme J. 2016; 10(9):2259—
68. https://doi.org/10.1038/ismej.2016.11 WOS:000386664600016. PMID: 26894447

Fussmann GF, Loreau M, Abrams PA. Eco-evolutionary dynamics of communities and ecosystems.
Funct Ecol. 2007; 21(3):465-77. https://doi.org/10.1111/J.1365-2435.2007.01275.X
1S1:000246708200008.

Norberg J, Urban MC, Vellend M, Klausmeier CA, Loeuille N. Eco-evolutionary responses of biodiver-
sity to climate change. 2012; 2(October):747-51. https://doi.org/10.1038/nclimate 1588

Post DM, Palkovacs EP. Eco-evolutionary feedbacks in community and ecosystem ecology: interac-
tions between the ecological theatre and the evolutionary play. Philosophical Transactions of the Royal
Society B-Biological Sciences. 2009; 364(1523):1629—40. https://doi.org/10.1098/rstb.2009.0012
WOS:000265732200014. PMID: 19414476

Gravel D, Bell T, Barbera C, Bouvier T, Pommier T, Venail P, et al. Experimental niche evolution alters
the strength of the diversity-productivity relationship. Nature. 2011; 469(7328):89-U1601. https://doi.
org/10.1038/nature09592 1S1:000285921600037. PMID: 21131946

Foster KR, Bell T. Competition, not cooperation, dominates interactions among culturable microbial
species. Curr Biol. 2012; 22(19):1845-50. https://doi.org/10.1016/j.cub.2012.08.005
1S1:000309792900031. PMID: 22959348

Fiegna F, Moreno-Letelier A, Bell T, Barraclough TG. Evolution of species interactions determines
microbial community productivity in new environments. Isme J. 2015; 9(5):1235-45. https://doi.org/10.
1038/ismej.2014.215 WOS:000353354100015. PMID: 25387206

Culbert CT, Seah KTH, Barraclough TG. Spatial structure and the evolution of species interactions in
bacterial communities. Submitted. 2019.

Pereira FC, Berry D. Microbial nutrient niches in the gut. Environ Microbiol. 2017; 19(4):1366—1378.
https://doi.org/10.1111/1462-2920.13659 PMID: 28035742.

Bomar L, Maltz M, Colston S, Graf J. Directed Culturing of Microorganisms Using Metatranscriptomics.
Mbio. 2011; 2(2). ARTN e00012-11 https://doi.org/10.1128/mBio.00012-11 1S1:000296843700001.
PMID: 21467263

Louca S, Doebeli M. Calibration and analysis of genome-based models for microbial ecology. Elife.
2015; 4:e08208. https://doi.org/10.7554/eLife.08208 PMID: 26473972; PubMed Central PMCID:
PMCPMC4608356.

Johnson LP, Walton GE, Psichas A, Frost GS, Gibson GR, Barraclough TG. Prebiotics Modulate the
Effects of Antibiotics on Gut Microbial Diversity and Functioning in Vitro. Nutrients. 2015; 7(6):4480-97.
https://doi.org/10.3390/nu7064480 WOS:000357281800031. PMID: 26053617

PLOS ONE | https://doi.org/10.1371/journal.pone.0218692  August 19, 2019 22/23


http://www.ncbi.nlm.nih.gov/pubmed/9729604
https://doi.org/10.1098/rstb.1982.0055
http://www.ncbi.nlm.nih.gov/pubmed/6180444
https://doi.org/10.1111/j.1432-1033.1974.tb03318.x
https://doi.org/10.1111/j.1432-1033.1974.tb03318.x
http://www.ncbi.nlm.nih.gov/pubmed/4830198
https://doi.org/10.1111/j.1558-5646.1976.tb00911.x
http://www.ncbi.nlm.nih.gov/pubmed/28563044
https://doi.org/10.1086/383593
http://www.ncbi.nlm.nih.gov/pubmed/15266392
https://doi.org/10.1111/1462-2920.12599
https://doi.org/10.1111/1462-2920.12599
http://www.ncbi.nlm.nih.gov/pubmed/25142831
https://doi.org/10.1038/ismej.2016.11
http://www.ncbi.nlm.nih.gov/pubmed/26894447
https://doi.org/10.1111/J.1365-2435.2007.01275.X
https://doi.org/10.1038/nclimate1588
https://doi.org/10.1098/rstb.2009.0012
http://www.ncbi.nlm.nih.gov/pubmed/19414476
https://doi.org/10.1038/nature09592
https://doi.org/10.1038/nature09592
http://www.ncbi.nlm.nih.gov/pubmed/21131946
https://doi.org/10.1016/j.cub.2012.08.005
http://www.ncbi.nlm.nih.gov/pubmed/22959348
https://doi.org/10.1038/ismej.2014.215
https://doi.org/10.1038/ismej.2014.215
http://www.ncbi.nlm.nih.gov/pubmed/25387206
https://doi.org/10.1111/1462-2920.13659
http://www.ncbi.nlm.nih.gov/pubmed/28035742
https://doi.org/10.1128/mBio.00012-11
http://www.ncbi.nlm.nih.gov/pubmed/21467263
https://doi.org/10.7554/eLife.08208
http://www.ncbi.nlm.nih.gov/pubmed/26473972
https://doi.org/10.3390/nu7064480
http://www.ncbi.nlm.nih.gov/pubmed/26053617
https://doi.org/10.1371/journal.pone.0218692

@ PLOS | O N E Evolving microbial communities

55. Backhed F, Roswall J, Peng YQ, Feng Q, Jia HJ, Kovatcheva-Datchary P, et al. Dynamics and Stabili-
zation of the Human Gut Microbiome during the First Year of Life. Cell Host & Microbe. 2015; 17
(5):690-703. https://doi.org/10.1016/j.chom.2015.04.004 WOS:000356101500020. PMID: 25974306

56. Gresham D, Hong J. The functional basis of adaptive evolution in chemostats. FEMS Microbiol Rev.
2015; 39(1):2—16. https://doi.org/10.1111/1574-6976.12082 PMID: 25098268; PubMed Central
PMCID: PMCPMC4391987.

PLOS ONE | https://doi.org/10.1371/journal.pone.0218692  August 19, 2019 23/23


https://doi.org/10.1016/j.chom.2015.04.004
http://www.ncbi.nlm.nih.gov/pubmed/25974306
https://doi.org/10.1111/1574-6976.12082
http://www.ncbi.nlm.nih.gov/pubmed/25098268
https://doi.org/10.1371/journal.pone.0218692

