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Predicting the first steps of evolution in
randomly assembled communities

John McEnany1 & Benjamin H. Good 2,3,4

Microbial communities can self-assemble into highly diverse states with pre-
dictable statistical properties. However, these initial states can be disrupted by
rapid evolution of the resident strains. When a new mutation arises, it com-
petes for resources with its parent strain and with the other species in the
community. This interplay between ecology and evolution is difficult to cap-
ture with existing community assembly theory. Here, we introduce a mathe-
matical framework for predicting the first steps of evolution in large randomly
assembled communities that compete for substitutable resources. We show
how the fitness effects of new mutations and the probability that they coexist
with their parent depends on the size of the community, the saturation of its
niches, and the metabolic overlap between its members. We find that suc-
cessful mutations are often able to coexist with their parent strains, even in
saturated communities with low niche availability. At the same time, these
invadingmutants often cause extinctions ofmetabolically distant species. Our
results suggest that even small amounts of evolution can produce distinct
genetic signatures in natural microbial communities.

Microbes often live in ecologically complex communities containing
hundreds of coexisting species1–4. As residents of these communities
compete with each other, they can evolve over time by acquiring
mutations5–7. These evolutionary changes can alter the ecological
interactions between species, driving shifts in community
composition8–10. Conversely, the community also creates the context
in whichorganisms evolve, by influencing the structure of the adaptive
landscape11–15. Understanding how the community influences these
evolutionary paths (and vice versa) is a crucial step toward predicting
and controlling microbial ecosystems.

Longstanding conceptual models suggest that community struc-
ture can impact evolution in different ways. Somemodels predict that
the rate of evolution should decline in larger communities, as more
niches are filled by other species7,16–18. Others have proposed that
diverse communities could create new opportunities for local adap-
tation, by suppressing key competitors or creating newniches through
cross-feeding11–14,19,20. These conceptual models also make different
predictions about how adaptive mutations will impact their commu-
nity when they invade. Somemutations will replace their parent strain,

while others can encroach on other species9,21 or diversify into coex-
isting lineages5,6,22. Each of these behaviors has been observed
empirically, yet it remains challenging to predict which should dom-
inate in a given community.

The source of this challenge lies in the niches inhabited by dif-
ferent species, and howmutations alter or move between them. While
much progress has been made in small communities where the rele-
vant niches can be explicitly defined21–24, it is difficult to extend this
approach to larger communities like the gut microbiome, where spe-
cies can compete formany different combinations of resources. In this
high-diversity limit, even basic questions about the effects of com-
munity structure remain unresolved: how does the benefit of a muta-
tion depend on the diversity of the community and the metabolic
overlap between its members? Do mutations primarily compete with
their parent strain, or do they continue to stably diversify, as suggested
by recent evidence from the gut microbiome5,6,25 and some in vitro
communities26,27?

Resource competition models provide a mechanistic framework
to address these questions28–32. In thesemodels, niches are not defined
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in advance but emerge organically through differences in resource
consumption33. An extensive body of work has used this framework to
investigate the process of community assembly, where species com-
pete to colonize a new environment28,34–37. These model communities
can recapitulate some large-scale features of natural38–40 and experi-
mental ecosystems39–42. By contrast, the evolutionary dynamics that
emerge from resource competition are difficult to model with tradi-
tional community assembly theory.While some studies have started to
explore these effects, previous work has mostly focused on small
communities30,31,43 or the long-term states attained over infinite evo-
lutionary time30,44. Both approaches are poorly suited for under-
standing how a focal species evolves in different community
backgrounds, which is the scenariomost accessible in experiments. To
address this gap, we develop a theoretical framework for predicting
the initial steps of evolution in an assembled community with many
coexisting species. By extending random matrix approaches from
community assembly theory, we derive analytical predictions that
describe how the fitness benefits and fates of newmutations scale with
the diversity and metabolic overlap of the surrounding community,
enabling quantitative tests of the conceptual models above.

Results
Modeling first-step mutations in randomly assembled
communities
To study the interplay between ecological competition and new
mutations in a mathematically tractable setting, we turn to a simple
resource competitionmodel28–32,36,45 wheremicrobes compete forR≫1
substitutable resources that are continuously supplied by the envir-
onment (Fig. 1a). Each strain μ in the community is characterized by a
resource utilization vector rμ = ðrμ,1, . . . , rμ,RÞ, which describes how
well it can grow on each of the supplied resources. While our model
allows for simple forms of cross-feeding (see below), we neglect
additional factors like regulation46, resource sequestration47, or
antagonistic interactions48, allowing us to focus on the basic evolu-
tionary pressures imposed by resource competition alone.

In the simplest version of our model, the concentrations of the
microbial strains (n) and abiotic resources (c) can be described by the
coupled system of equations,

∂nμ

∂t
=
XR
i = 1

uiðcÞrμ,inμ � δ � nμ, ð1aÞ

∂ci
∂t

=Ki �
XS
μ= 1

uiðcÞrμ,inμ � δ � ci, ð1bÞ

where δ is the dilution rate, Ki is the external supply rate of resource i,
and ui(c) ⋅ rμ,i ⋅ nμ is the total uptake rate of resource i by species μ
(Supplementary Note 1.1). When the dilution rate is sufficiently low, or
biomass sufficiently high, we can coarse-grain over time to obtain an
effectivemodel for the relative abundances of the strains (fμ ≡nμ/∑νnν),

∂f μ
∂t

= f μ
XR
i= 1

rμ,ihiðf Þ � 1

" #
, ð2Þ

where time is now measured in generations and hiðf Þ � ðKi=
P

jKjÞ �
ðPμrμ,if μÞ�1 denotes the local availability of resource i (Supplementary
Fig. 1; Supplementary Note 1.2). Simple forms of cross-feeding39,49 can
also be included in thismodel by replacing the external supply ratesK
with an effective value that accounts for internal metabolic conversion
(Supplementary Note 1.3).

Previous work has used this model to study the process of com-
munity assembly28,36,37, where S initial strains arrive in a new environ-
ment and form an ecologically stable community containing S*≤R
survivors (Fig. 1b, left). The steady-state values of S* and h depend on

the environmental supply ratesK and the resource preferences rμof the
S initial strains. While it is difficult to measure these kinetic parameters
directly, past research has shown that emergent features of large eco-
systems can often be mimicked by randomly drawing the uptake rates
of each strain from a common statistical distribution28,29,34–36.

For concreteness, we will initially focus on the binary resource
usage model from ref. 36, in which each strain has an independent
probability R0=R of utilizing each resource, and an overall uptake
budget Xμ � log

P
irμ,i that is independently drawn from a Gaussian

distribution (Supplementary Note 1.4). However, our results will apply
for a variety of different sampling schemes, which we verify in Sup-
plementary Figs. 3, 8 and 9, and Supplementary Note 4.

Individual realizations of this model produce assembled com-
munities with similar numbers of surviving species, which can be
predicted using methods from the physics of disordered systems
(refs. 28,29,36; Fig. 2b; Supplementary Note 3). In our analysis below, it
will be convenient to treat the expected number of surviving species as
an input parameter, and classify the assembled communities as a
function of their niche saturation, S*=R (Supplementary Note 3.2).
This re-parameterization allows for easier generalization to other
community assembly models, since communities with similar levels of
niche saturation will often have similar statistical properties, even if
they resulted from different sampling distributions29,35,36.

To account for evolution, wemodel the firstmutational steps that
occur in a randomly assembled community (Fig. 1b). This scenario
might apply to the initial phases of in vitro passaging experiments12,26,
or recently colonized gut microbiomes50,51. Through much of our
analysis, we will focus on a particularly simple class of “knock-out”
mutations, where the mutant loses its ability to consume one of its
resources (ri → 0). We assume that the cell can compensate for this
deletion by increasing the uptake of other resources in its repertoire,
but this compensation may not be perfect, corresponding to a shift in
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Fig. 1 | Modeling the first steps of evolution in a randomly assembled com-
munity that competes for substitutable resources. a Microbial strains compete
forR resources that are continuously supplied by the environment at ratesKi. Each
strain μ has a characteristic set of uptake rates rμ,i (arrows), which can be altered by
further mutations. b A local pool of S initial species, whose phenotypes are ran-
domly drawn from a common statistical distribution, self-assembles into an eco-
logical equilibriumwith S* ≤S surviving species (left). A newmutation (M) arises in
one of the surviving species (P); if the mutation provides a fitness benefit, its des-
cendants can either replace the parent strain (top right) or stably coexist with the
parent, potentially driving another species to extinction (bottom right).
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the effective uptake budget (X → X + ΔX). We also consider “knock-in”
mutations, where a strain gains the ability to consume a resource (e.g.,
through horizontal gene transfer25), as well as more general changes
that influence the uptake rates of multiple resources simultaneously
(r→ r +Δr). Followingpreviouswork30,32, it will be convenient to classify
these mutations by their impact on the strain’s total resource uptake
rate X � log

P
iri and its normalized resource consumption strategy

α ≡ r/∑iri, which describes the relative effort devoted to importing each
of the resources. A generalmutationwill therefore involve a shift in one
or both of these parameters (X → X + ΔX and α → α + Δα).

While the phenotypes of these mutants are simple, their fitness
consequences will depend on the local environment, which is shaped
by the other resident strains. Using the assembled communities as a
backdrop allows us to quantify how this evolutionary landscape varies
with the size and composition of the surrounding community.

Distribution of fitness effects of mutations in newly assembled
communities
The rate of evolution in a newly assembled community will depend on
the supply of beneficial mutations. This landscape is often summarized
by the local distribution of fitness effects (DFE), denoted by ρμ(s), which
gives the relative probability that a mutation in focal strain μ will
have an invasion fitness s. The shape and scale of ρμ(s) determine the
availability of beneficial mutations, and therefore the rate of evolu-
tionary change. Our resource competition framework allows us to ask
how these features depend on the composition of the larger
community.

For a community at ecological equilibrium, a mutation that arises
in a resident strain μ and changes its resource uptake phenotype to a
new value Xμ +ΔX and αμ + Δα will have an invasion fitness,

sinv ≈ΔX +
X
i

Δαigi, ð3Þ

where gi � hi=h� 1 is the excess availability of resource i relative to
the ecosystem average, h � 1

R
P

ihi
30 (Supplementary Note 1.5). Equa-

tion (3) shows that the invasion fitness of a mutation that only affects
the overall uptake budget of a strain (Δα = 0) is independent of the
surrounding community. In contrast, the benefits of mutations that
change the resource consumption strategy of a strain will depend on
the interactions between species, which are mediated by the values of
the resource availabilities, gi. For example, if a resource has a lower
relative availability (gi <0), then it is not worth devoting a portion of its
uptake budget to consume it, and a knock-out mutation for that
resource should be beneficial.

Replica-theoretic calculations similar to ref. 36 allow us to predict
the distribution of the gi for a typical assembled community when
R≳R0 ≫ 1 (SupplementaryNote 3.2). In large communities, the excess
resource availabilities are well-approximated by a collection of Gaus-
sian random variables,

gi ∼ 1� S*
R

� �
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K
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Fig. 2 | Distribution of fitness effects of first-step mutations as a function of
community complexity. a As in Fig. 1, a community is assembled from S initial
species, leaving S* alive at equilibrium. The surviving species produce mutations,
whose invasion fitness sinv is equal to their initial relative growth rate. b Number of
surviving species S* as a function of the sampling depth S and the standard
deviation of the total uptake budget among sampled species, Std(Xμ). Curves show
theory predictions from Supplementary Note 3.1, while points show means and
standard deviations over 103 simulation runs with R= 200, R0 = 40, and uniform
resource supply. c Distribution of fitness effects of knock-out (and knock-in)
mutations with ΔX = 0 in communities with two different levels of niche saturation
(S*=R). Black curve shows the theoretical predictions from Eq. (5), while dots

represent a histogram over all possible strategy mutations in 103 simulation runs
using the same parameters as panel (b), with S*=S =0:1. d The width σinv of the
distribution of fitness effects in panel C as a function of niche saturation, for
various values of sampling permissivity S*=S and per-species resource usageR0.
Curves show the theoretical predictions from Eq. (5), while the dots show the
average over 103 simulation runs. e Pearson correlation between the fitness effect
of a mutation in the community and its fitness effect inmonoculture, for different
values of niche saturation and scaled variation in resource supply rates,
Varenv=Varcomm � VarðKÞ=K2

h i
�R0=ð1�R0=RÞ. Curves show the theoretical

predictions from Supplementary Note 4.1, while points show the average over all
mutations in 103 simulated communities with parameters the same as panel (c).
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where K � 1
R
P

iKi is the average resource supply rate, C is an Oð1Þ
factor that depends on the sampling depth S=S*, and the Zi are
uncorrelated standard Gaussians. Analogous expressions for other
sampling distributions can be obtained by replacing the R0-depen-
dent factor with the corresponding spread in α (e.g., Supplementary
Note 4.4). This mean-field solution requires that the resources are
supplied at comparable rates (jKi � K j≪K) and each resource is
utilized by a substantial number of surviving strains (R0S*≫R;
Supplementary Note 3.5; Supplementary Fig. 3d). When these
conditions are satisfied, we can use Eqs. (3) and (4) to calculate the
distribution of fitness effects ρμ(s) by aggregating over mutations with
different values of Δα and ΔX.

To understand how the community influences the DFE of a focal
species, it is helpful to begin by considering the simplest case, where
the resource supply is uniform (Ki =K) and mutations have no direct
costs or benefits (ΔX = 0). In this case, Eqs. (3) and (4) imply that ρμ(s)
will also follow a Gaussian distribution with mean zero and standard
deviation

σinv ∼ k Δα k � 1� S*=R� � � ðS*=RÞ�1=2 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�R0=R

R0

s
, ð5Þ

where k Δα k�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

iΔα
2
i

q
is the magnitude of the phenotypic change

produced by the mutation. Examples for knock-out and knock-in
mutations (where k Δα k ≈ 1=R0) are shown in Fig. 2c–d. Since Eq. (5)
does not explicitly depend on the parent strain μ, it implies that the
DFEs should be statistically similar for all strains in the community
(Supplementary Fig. 2). Furthermore, since thedetails of themutations
only enter through their overall magnitude ∥Δα∥, this implies that
knock-out and knock-in mutations—as well as multi-resource muta-
tions with the same value of ∥Δα∥—will have statistically similar
DFEs (Fig. 2c).

Equation (5) shows that the community influences the DFE of a
focal strain primarily through the degree of niche saturation, S*=R.
The magnitude of the typical fitness effect approaches zero as S*=R
increases (Fig. 2d), which is consistent with the idea that the rate of
evolutionwill be slower in communities wheremore niches are already
filled, since the establishment probability of a beneficial mutant is
proportional to its fitness effect52. However, since themean of the DFE
is still centered at s =0, the overall fraction of beneficial mutations
remains constant as the niche saturation increases (Fig. 2c), even
though a smaller number are likely to survive genetic drift. This implies
that surviving organisms are not necessarily at a local evolutionary
optimum, where any change to their resource consumption strategy
tends to be deleterious.

However, this symmetry between the frequency of beneficial and
deleterious mutations critically depends on the assumption of perfect
trade-offs (ΔX = 0), whichwill not always hold in practice. For example,
a beneficial mutation could halt the production of an enzyme which is
used for metabolizing a low-availability resource, while leaving the
expression of other enzymes in that now-defunct pathway
intact–resulting in a net cost to pure fitness. If all mutations carried
such a direct cost (ΔX < 0), then Eq. (3) implies that the entire DFE
would shift to the left by a constant amount, -∣ΔX∣. If this shift is larger
than the typical spread of the DFE (∣ΔX∣ ≫ σinv), then the beneficial tail
of ρμ(s) will approach an exponential shape, whose height and width
will both strongly decline with the degree of niche saturation S*=R.
Thus, the availability of beneficialmutations can sensitively depend on
the genetic architecture of the strain’s resource consumption rates.

Similar results apply when the resources are supplied at different
rates (Ki ≠K; Supplementary Note 4.1; Supplementary Fig. 7). In this
case, the fitness effect of a mutation will depend on both the com-
munity context and the external environment, as encoded by the
resource availabilities in Eq. (4). The overall magnitude of the envir-
onmental contribution declines as niche saturation S*=R increases,

consistent with previous work showing that larger communities self-
organize to “shield” their member species from the external
environment30,32,36. Interestingly, however, Eq. (4) shows that the rela-
tive impact of K on the fitness effect of a mutation actually increases
with the degree of niche saturation, so the external environment can
still exert an influence on the overall direction of the fitness landscape.
This effect is strikingly illustrated when we compare the fitness effect
of each mutation with its expected value in the absence of the com-
munity (Fig. 2e). We find that the correlations between the two DFEs
can be substantial when the coefficient of variation in Ki exceeds a
critical value,

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiR=S*R0

p
≲ 1. This indicates that environmental

shielding is often incomplete: the net direction of natural selection
can be preserved across community backgrounds, even when inter-
specific competition exerts a strong effect on the local resource
availabilities.

Ecological diversification in large communities
While the invasion fitness of a mutation describes its initial growth
rate, a successful variant will eventually reach a size where it starts to
impact the other members of the community. Some of these mutants
will eventually replace their parent strain, due to the principle of
competitive exclusion28. Others can stably coexistwith their parents by
exploiting a different ecological niche30. How does the frequency of
these in situ ecological diversification events depend on the compo-
sition of the surrounding community?

We can analyze the probability of mutant-parent coexistence in
our model by recasting it as the outcome of two correlated assembly
processes. First, an initial ecosystem E0 is formed through our stan-
dard community assembly process (Fig. 1b, left). Then, a second eco-
system is formed when one of the surviving species in E0 produces a
beneficialmutantM, and the combined community E0 +M is allowed to
reach its new ecological equilibrium (Fig. 1b, right). The latter event
requires that the parent strain has a positive relative abundance in the
first ecosystem ( f E0

P >0), and that the mutant survives in the second
ecosystem ðf E0 +M

M >0Þ. The probability that the mutant coexists with
its parent can then be expressed as a conditional probability,

Pcoex =P f E0 +M
P >0

��� f E0
P >0, f E0 +M

M >0
h i

, ð6Þ

which averages over the random resource uptake rates in the initial
community, as well as the random effect of the adaptive mutation.

The correlated assembly process in Eq. (6) is challenging to ana-
lyze with existing methods37, since the mutant and parent phenotypes
are closely related to each other. Fortunately, we will show that we can
often approximate the coexistence probability by considering a third
community assembly process, in which the mutant and parent are
introduced simultaneously with the other species. This “simultaneous
assembly” approximation differs from the two-ecosystem model in
Eq. (6), since the final community can contain “rescued” species that
would not have survived in E0 before the mutant strain invaded.
However, simulations indicate that these differences result in only
small corrections to the coexistence probability across a broad range
of parameters (Supplementary Note 2.1, Supplementary Fig. 4), so this
is often a reasonable approximation.

When the simultaneous assembly approximation holds, we can
evaluate the coexistenceprobability byextending the replica-theoretic
calculations used for Eq. (4) (Supplementary Note 3.3). We find that
coexistence can be expressed as the probability that the invasion fit-
ness of the mutant lies below a critical fitness threshold,

scoexðf PÞ � σinv � ðf PS*Þ � ðS*=RÞ�1=2 �
ffiffiffi
2

p
k Δα k

k Δαcomm k : ð7Þ

where fP is the relative abundance of the parent strain, k Δαk2 �P
iΔα

2
i is the phenotypic effect size of the mutation, and

Article https://doi.org/10.1038/s41467-024-52467-3

Nature Communications |         (2024) 15:8495 4

www.nature.com/naturecommunications


k Δαcommk2 ≈ 2ð1�R0=RÞ=R0 is the equivalent spread between ran-
dom pairs of strains in the community. Averaging over the abundance
of the parent strain (Supplementary Note 3.4) yields a corresponding
expression for the coexistence probability as an integral over the DFE
in Fig. 2c,

Pcoex ≈

R1
0 sρðsÞe�s=�scoexR1

0 sρðsÞds ð8Þ

where �scoex is the coexistence threshold for a typical genetic back-
ground ðf P ∼ 1=S*Þ. For mutations with modest phenotypic effects,
such as a single resource knock-out (k Δα k ∼ 1=R0), themagnitude of
�scoex will be much smaller than the typical spread in the DFE in Fig. 2c.
This implies that only mutations with anomalously low invasion
fitnesses will have an appreciable chance of coexisting with their
parent (Fig. 3a).

For a mutation with perfect trade-offs (ΔX = 0), the integral in
Eq. (8) reduces to a simple form,

Pcoex ≈
1

S*=R � 2 kΔαk2
kΔαcommk2

, ð9Þ

whichdepends on the niche saturationS*=R and the phenotypic effect
size of the new mutation.

Equation (9) shows that the coexistence probability is largest for
small values of S*=R (Fig. 3a), consistent with the idea that diversifi-
cation is easierwhen there aremanyopenniches left to exploit, as in an
adaptive radiation20. Interestingly, however, we find that the coex-
istence probability does not vanish as the community approaches
saturation ðS*=R ! 1Þ, but instead plateaus at a nonzero value. This is
true even in fully saturated communities (S* =R), where other species
must be driven to extinction when the successful mutant invades.

In this regime, the coexistence probability is most strongly
determined by the phenotypic effect size of the mutation. A mutation
that changes the resource consumption strategy by an infinitesimal
amount (∥Δα∥ → 0) can never coexist with its parent, while a mutation
with ∥Δα∥ ~ ∥Δαcomm∥ has a much higher probability of coexistence.
Single-resource knockouts fall between these two extremes, with the
coexistence probability scaling inversely withR0 (the average number
of resources utilized per strain), rather than the total number of
resources consumed by the community. This suggests that in situ
ecological diversification can continue to occur even in large

communities containing many species and resources (Fig. 3b and
Supplementary Fig. 5).

We see that simulation results generally support the theoretical
predictions in Eq. (9), but start to exceed this value for communities
very close to full saturation. The sourceof this deviation coincideswith
the breakdown of our “simultaneous assembly” approximation above,
which allowed the invading mutant to “rescue” some species that had
previously gone extinct. The deviations disappear if extinct species are
allowed to re-invade (Supplementary Fig. 4), suggesting that compe-
tition from rescued species plays a significant role in our theory for
extremely high levels of niche saturation. This rescuing effect could be
relevant in some natural settings, e.g., if the species pool ismaintained
in a separate spatial niche with frequent migration back into the
community. Regardless, our results in Eq. (9) provide a lower boundon
the coexistence probability in large ecosystems, suggesting that
diversification could be even more common under some conditions.

In reality, most mutations that change an organism’s resource
consumption strategy are unlikely to be perfect trade-offs. More
generally, we find that mutations that carry a direct cost or benefit ΔX
change the coexistence probability in Eq. (9) by the factor

PcoexðΔX Þ
PcoexðΔX =0Þ ∼

σinvffiffiffiffiffi
2π

p
ΔX

e�ΔX2=2σ2
inv if ΔX ≫σinv,

1 if jΔX j≪ σinv,

ΔX2=σ2
inv if ΔX <0,jΔX j≫σinv:

8>><
>>: ð10Þ

which shows that direct costs or benefits begin to exert an effect when
ΔX becomes comparable to σinv. However, the direction of this effect is
somewhat counterintuitive: strategy mutations that carry a direct fit-
ness cost (ΔX <0) aremore likely to coexistwith their parent, provided
that their overall invasion fitness is still positive. Conversely,mutations
with strong direct benefits (ΔX > 0) aremore likely to drive their parent
strain to extinction (Fig. 3b). These differences arise because nonzero
values of ΔX change the typical invasion fitnesses of successful
mutants. The coexistence probability in Eq. (8) is highly sensitive to
these shifts, as mutants with an invasion fitness below �scoex are much
more likely to coexistwith their parent (Fig. 3a, d). This is a reflectionof
the fact that diversification is driven by a narrow range ofmutants with
fitness high enough to establish but small enough to coexist.

We can gain some intuition for this effect by considering a loss-of-
function mutation for a resource that is currently overutilized by the
population (gi <0). Equation (2) shows that the growth rate of this
variant (relative to its ancestor) is given by ~ gi(t). As themutant grows
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in abundance, it begins to replace its parent, which tends to reduce the
overall utilization of the target resource (∂t gi> 0). If gi reaches zero
before the parent strain goes extinct, then themutant will coexist with
its parent, having lost its initial growth advantage. This coexistence is
most likely to happen if the parent strain has high abundance, or if ∣gi∣
(and therefore sinv) is initially small (Supplementary Fig. 6).

The same argument applies for more complex mutations which
affect multiple resources (Supplementary Fig. 5). It also explains why
mutations with small phenotypic effects (e.g., a pure fitness mutation
with no strategy change) cannot coexist with their parent. If the
mutant and parent have near-identical resource consumption strate-
gies, the mutant’s invasion produces very little negative feedback on
its growth rate relative to its parent, making it likely the parent strain
will be driven to extinction (Supplementary Fig. 5b). Similar logic
applies for extensions of our basic model, including non-uniform
resource supply rates and alternative community assembly schemes
(Supplementary Figs. 3, 8 and 9; Supplementary Note 4). Together,
these results suggest that in situ diversification could be common even
in large and saturated communities, particularly for mutants on
abundant backgrounds with lower-than-expected invasion fitnesses.

Successful mutations drive extinctions in other niches
In addition to displacing their parents, successful mutants can also
drive other species in the community to extinction. This is particularly

evident in saturated communities (S* =R), where competitive exclu-
sion implies that the invasion of a new strain must be accompanied by
extinction of at least one other. Figure 4b shows that the number of
extinctions steadily rises with the degree of niche saturation, exceed-
ing 1% of the initial community ( ~1–10 species) formany combinations
of parameters. Moreover, these extinctions are not completely inde-
pendent of each other, since they are somewhat overdispersed com-
pared to a simple Poisson expectation (Fig. 4b, inset).

Past analyzes of microbial communities have suggested that
phylogenetically distant strains could exhibit correlated dynamics if
they have similar resource consumption strategies26. If this hidden
metabolic similarity drives the extinctions in our model, we would
expect the species that go extinct after mutant invasion to be more
metabolically similar to the mutant than a typical species in the com-
munity.We tested this idea by examining the number of resources that
were jointly consumed by the invading and displaced strains (a proxy
for their overall metabolic similarity). Interestingly, we found that the
number of resources shared with the mutant was not substantially
higher for the displaced species, and was comparable to a randomly
drawn species from the larger community (Fig. 4c). This suggests that
the extinction events in Fig. 4 cannot be explained by traditional
measures of niche overlap33. Rather, successful mutants can displace
species outside of their apparent niche, even when they stably coexist
with a more metabolically similar parent.
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Since extinctions were not well-predicted by their overall meta-
bolic similarity to the mutant, we conjectured that these displaced
species may possess other features that render them vulnerable to
extinction. For example, low-abundance species may be less well-
adapted to the current environment, and thus sensitive to perturba-
tions like the invasion of a mutant. Consistent with this hypothesis, we
found that the extinction probability for very low-abundance species is
much higher than the community average, approaching ~50% at the
highest levels of niche saturation (Fig. 4d). Furthermore, although the
displaced species are metabolically distant from the invading mutant,
we find they are more likely to share the mutant’s strategy for the
resource targetedby themutation. Displaced species aremore likely to
use the resource gained by a successful “knock-in” mutation, and are
correspondingly less likely to use the resource lost in a successful
knock-out strain (Fig. 4e). These results illustrate that in high-
dimensional ecosystems, the invasion of a new mutant can have a
small impact on a diverse range of metabolic strategies. If a resident
strain is maladapted enough to already be on the edge of extinction,
the invasion of amutant can be enough of a perturbation to displace it
from the community. Thus, the abundance of an organismmight often
be a better predictor of its fate than its apparent metabolic niche.

Robustness of ecosystem to subsequent mutations
Our analysis above focused on the first wave of mutations arising in a
newly assembled community, where the initial states could be pre-
dicted using existing community assembly theory28,29,35,36. However,
subsequent waves of evolution could eventually drive the ecosystem
away from this well-characterized initial state30. To assess the robust-
ness of our results under the acquisition of further mutations, we
simulated successive waves of mutations using a generalization of the
approach in Fig. 3. We considered the simplest case where resident
strains could generate knock-out mutations on any of the resources
they currently utilized. We also assumed that the dynamics were
mutation-limited30,31, so that the community relaxes to a well-defined
steady state between each successive mutation. We continued this
process until one of the surviving strains had accumulated 10 muta-
tions in total, which typically corresponded to 100–200 successful
mutations in the larger community.

We first asked how these subsequent waves of mutations altered
the genetic structure of their community. While the total number of
surviving strains decreased slightly over time (eventually stabilizing at
an intermediate value), the number of strains related through in situ
diversification events increased approximately linearly over the same
time window (Fig. 5b). This indicates that the ecological diversification
events in Fig. 3 continue to occur at a high rate even after additional
mutations have accumulated,more quickly than individual branches of
diversified lineages go extinct. Nonetheless, the abundance trajectories
in Fig. 5a indicate that these extinction events among close relatives are
not uncommon. For example, Lineage 1 seeds eight ecological diver-
sification events over the course of the simulation, but only three of
these strains are alive at the end of the simulation. On average, we find
that newly diversified lineages coexist for ~40mutational steps before
one of them goes extinct (Fig. 5c). Nonetheless, longer coexistence is
possible: one of the diversification events in Fig. 5a is maintained for
> 150 mutational steps, enough time for multiple additional mutations
to accumulate within each lineage. Thus, coexisting mutant-parent
pairs are oftenmaintained through further evolutionary perturbations,
even as the total number of species stabilizes over time.

Our first-step analysis showed that mutations in more abundant
strains were more likely to coexist with their parent. This prediction is
borne out by our multi-step simulations as well: while some highly
abundant lineages seeded many in situ ecological diversification
events (e.g., Lineage 1 in Fig. 5a), the typical surviving lineage experi-
enced no more than one (e.g., Lineage 2), and many species went
extinct without diversifying at all (e.g., Lineage 3). Consistent with our

earlier predictions, lineages at low abundance were more prone to
extinction when a new mutant invaded, while coexistence events
tended to happen to high-abundance lineages (Fig. 5a, right). The
combination of these factors creates a “rich get richer” effect where
high-abundance species diversify at the expense of driving low-
abundance species to extinction30.

Finally, we asked how the accumulation of mutations shifts the
landscape of beneficial mutations from the initial “assembled” state in
Figs. 2 and 3. We found that the distribution of fitness effects does not
dramatically differ between the start and the end of the simulation,
although its shape changes slightly from a Gaussian distribution
toward a two-tailed exponential (Fig. 5d). In contrast, the impacts of
successful mutations exhibit larger changes: the proportion of muta-
tion events which result in mutant-parent coexistence increases sub-
stantially with evolutionary time, rising from about 20% to 80% over
the course of the simulation (Fig. 5e). This shift cannot be explained by
changes in theoverall number of species or the availability of beneficial
mutations, but instead deviates entirely from the replica-theoretic
predictions that describe our initial state. Thus, while many of our
qualitative conclusions continue to hold on longer evolutionary
timescales, the accumulation of mutations can lead to quantitative
differences from our first-step analysis above. In both cases, the
evolved communities exhibit distinct genetic signatures compared to
their purely assembled counterparts, which could motivate future
tests of in situ evolution.

Discussion
Large ecological communities apply complex evolutionary pressures
to their resident species, leading to controversy about how these
organisms’ evolutionary trajectories are affected by the background
community17. Here, we address this challenge by developing a theo-
retical framework for predicting the first steps of evolution in large,
randomly assembled communities that compete for substitutable
resources. These “mean-field” results hold when surviving strains
consume many resources, and each resource is consumed by many
surviving strains. Under these conditions, our results provide a
mechanistic approach for understanding how the fitness benefits and
fates of new mutations should scale with the diversity and metabolic
overlap of the surrounding community.

Our results show that the supply of beneficial mutations does not
necessarily run out in larger communities – as expected in the simplest
models of niche filling – but rather that the benefits of thesemutations
will systematically decline with the degree of niche saturation (S*=R).
We also find that the fitness effects of mutations can be broadly cor-
related with the external environment, even in large communities
where internal resource concentrations are broadly shielded from
external environmental shifts32,36. These distributions of fitness effects
can be measured in modern experiments, e.g., by performing bar-
coded fitness assays in communities of different size12,50.

Our finding that successful mutants often coexist with their par-
ents is reminiscent of empirical observations from the gut micro-
biome, where recently diverged strains differing by only a handful of
mutations appear to stably coexist within their host5,6. While spatial
structure could also contribute to this coexistence27,53, our model
demonstrates that in situ diversification can continue to occur even in
a well-mixed environment when most niches are already filled. Similar
behavior has also been observed in generalized Lotka-Volterramodels
with spatiotemporal chaos54. This suggests that ongoingdiversification
may be a generic feature of largemicrobial communities, providing an
alternative mechanism for the “diversity begets diversity” effect17,55,56

that does not rely on explicit cross-feeding interactions.
Beyond diversification, Fig. 5 demonstrates that successful

mutants can also drive distantly related species to extinction. This
behavior is consistentwith recent empirical observations in the human
gut microbiome8 and strain-swapping experiments in synthetic gut
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communities57. It could also contribute to the extinction events
observed in community passaging experiments58. The fact that the
displaced species are metabolically diverged from the invading
mutants creates obstacles for inferring these interactions from meta-
bolomics measurements59 or metabolic reconstructions60. Our find-
ings suggest that future efforts should instead focus on how the
invading mutant impacts low-abundance species more generally, and
whether they utilize the specific resource(s) targeted by the mutation.
These results align with recent work emphasizing the importance of
collective interactions in shaping microbial community dynamics61.

Here, we focused on the simplest possible resource competi-
tion model, neglecting important factors like spatial structure62,
metabolic regulation46, and more general forms of cross-
feeding49,63, which are all thought to play key roles in natural
microbial communities. We also considered the simplest regime of
evolutionary dynamics that neglect competition between simul-
taneously occurring mutations. These clonal interference effects
can enhance diversity by allowing strains to temporarily evade
competitive exclusion31. On the other hand, competition between
lineages also selects for more strongly beneficial mutations64,
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which we predict are less likely to coexist with their parent. Our
results provide a baseline for incorporating these effects, which
will be crucial for understanding how large microbial communities
will evolve.

Methods
See Supplementary Note 1 and the first part of the Results section for a
description of the theoretical framework used throughout, and Sup-
plementary Notes 2–4 for derivations of our results from this model.
We detail the simulations used to validate our conclusions in Supple-
mentary Note 5.

Data availability
Simulation results andprocessing codeused to generatefigures canbe
found on Zenodo65.

Code availability
Source code for community assembly simulations, numerical calcula-
tions and figure generation are available on Zenodo65 as well as Github
(github.com/jdmcenany/First_Step_Muts).
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