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Abstract
Ecology has historically benefited from the characterization of statistical patterns of
biodiversity within and across communities, an approach known as macroecology. Within
microbial ecology, macroecological approaches have identified universal patterns of
diversity and abundance that can be captured by effective models. Experimentation has
simultaneously played a crucial role, as the advent of high-replication community time-
series has allowed researchers to investigate underlying ecological forces. However,
there remains a gap between experiments performed in the laboratory and macroeco-
logical patterns documented in natural systems, as we do not know whether these pat-
terns can be recapitulated in the lab and whether experimental manipulations produce
macroecological effects. This work aims at bridging the gap between experimental ecol-
ogy and macroecology. Using high-replication time-series, we demonstrate that microbial
macroecological patterns observed in nature exist in a laboratory setting, despite con-
trolled conditions, and can be unified under the Stochastic Logistic Model of growth
(SLM). We found that demographic manipulations (e.g., migration) impact observed
macroecological patterns. By modifying the SLM to incorporate said manipulations along-
side experimental details (e.g., sampling), we obtain predictions that are consistent with
macroecological outcomes. By combining high-replication experiments with ecological
models, microbial macroecology can be viewed as a predictive discipline.

Author summary
Determining whether an empirical pattern can be manipulated is a crucial step towards
building a predictive theory. Our study aimed to determine the extent that experimen-
tal manipulation could recapitulate ecological patterns observed in natural microbial
communities with minimal fine-tuning. Specifically, we investigated the macroecology
(i.e., statistical ecological patterns) of an experiment where a large number of microbial
communities were maintained over time. We found that many of the macroecologi-
cal patterns observed in nature can also be found in experiments. Such patterns can
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be altered by manipulating the ecological force of migration. A minimal model of
ecological dynamics that incorporated experimental details (e.g., sampling) was able
to capture the consequences of these ecological manipulations. The results of this work
establish a demarcation between patterns that are and are not surprising given our
understanding of microbial ecological dynamics and demonstrate the potential for
microbial macroecology as a predictive discipline.

Introduction
Microbial communities inhabit virtually every environment on Earth. Through their ubiq-
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uity, abundance, and diversity, microorganisms regulate the biogeochemical processes that
sustain life on the biosphere. Furthermore, host-associated microbial communities play a
crucial role in maintaining the health of many macroscopic forms of life, including humans,
whose health is impacted by their microbiome [1,2]. Given their environmental, medical,
and economic importance, it is necessary to develop quantitative theories of ecology that
allow researchers to explain, maintain, and alter the properties of microbial communities.
A challenge of this scale is daunting, and the complexity of microbial communities has pro-
moted the engagement of researchers from various disciplines with distinct approaches. Of
these approaches, there are two that have substantially contributed towards our quantitative
understanding of microbial communities in recent years: macroecology and experimental
ecology.

Historically, the field of ecology has achieved considerable success by characterizing gen-
eralized patterns of biodiversity, an approach known as macroecology [3–9]. The macroeco-
logical approach is, fundamentally, statistical in nature, allowing for quantitative predictions
and extrapolations to be made about the typical features of ecological communities with-
out having to specify microscopic ecological forces. The generalized nature of this approach
has allowed researchers to successfully characterize a diverse array of microbial ecological
patterns [10–19] and spurred the development of mathematical models of microbial ecology
grounded in statistical physics [20–28].

Through the macroecological approach, disparate patterns were recently unified by the
observation that the typical microbial community follows three macroecological patterns: 1)
the abundance of a given community member across communities follows a gamma distribu-
tion, 2) the mean abundance of a given community member is not independent of its variance
(i.e., Taylor’s Law [29–31]), and 3) the mean abundance of a community member across com-
munities follows a lognormal distribution [32]. These three general patterns can be captured
by an intuitive mathematical model of density-dependent growth with environmental noise,
the stochastic logistic model (SLM) of growth [32–34]. Building on its utility, the SLM has
been successfully extended to quantitatively capture additional empirical microbial macroe-
cological patterns. Examples that explicitly use the SLM include attempts to capture measures
of ecological distances and dissimilarities between communities [35], alternative stable-states
[36], correlations in abundance between community members [37], community-level mea-
sures across taxonomic and phylogenetic scales [38], and dynamics within and across human
hosts at the sub-species level (i.e., strains) [18,39]. The results of these studies demonstrate
that a minimal mathematical model of ecological dynamics can capture a broad assemblage of
microbial macroecological patterns.

The generality of macroecology is a useful feature that permits the construction of a
working theory of microbial ecology [40,41]. However, there is a trade-off between this
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generality and the ability of macroecology to provide causal connections between ecologi-
cal mechanisms and observed patterns (e.g., the exponent of Taylor’s Law) [42]. This lack of
causality is due to the inherent difficulty of manipulating macroecological patterns in nat-
ural communities. This study addresses this issue by expanding the scope of the macroeco-
logical approach from natural systems to experimental communities, providing the means to
investigate how mechanistic manipulations alter macroecological patterns.

Experimentation has played a crucial role in the documentation and manipulation of
ecological forces [43,44]. The advent of 16S rRNA amplicon sequencing allows researchers
to investigate the ecological dynamics of a large number of replicate microbial communities
in a laboratory setting. This controlled approach has proven to be highly successful, allow-
ing researchers to determine the extent that the assembly of microbial communities is repro-
ducible and predictable [45–52]. Surprisingly, seemingly simple environments can maintain
highly dissimilar microbial communities, even in systems harboring a single exchange-
able resource [53]. This observation has led researchers to investigate the susceptibility of
microbial communities to experimentally imposed ecological forces. A prominent example
is the migration of individuals between communities, an ecological force that is amenable to
experimental manipulation [54,55] and can alter the heterogeneity of communities across
replicates [53,56,57].

In this study we sought to bridge the gap between microbial macroecological patterns
observed in nature and experiments performed in the lab. We consider experimentally
assembled microbial communities that were exposed to qualitatively different forms of migra-
tion [53]. The original goals of this experiment were to evaluate the functional and taxonomic
convergence of a large number (∼ 100) of replicate microbial communities in environments
supplied with a single carbon source (i.e., glucose). This experiment provides sufficient data to
investigate macroecological patterns due to the authors’ decision to maintain a large number
of replicate communities for a given treatment, to sequence a moderate number of communi-
ties over time, and to have periods of time where migration does and does not occur within a
given community. Using this experiment, we first demonstrate that macroecological patterns
observed in natural communities can be recapitulated in experimentally assembled commu-
nities. By connecting these patterns to the predictions of the SLM, we developed a model of
microbial macroecology that incorporates experimental details. Specifically, we focus on two
migration treatments. The first treatment (referred to as regional migration) corresponds to
a classical mainland-island scenario [58], where migrants from the community from which
replicate communities were originally assembled (known as the progenitor community) con-
tinued to migrate over time. The second case, referred here as global migration, corresponds
to a fully-connected metacommunity model [59], where migration occurred between com-
munities that were assembled from the same progenitor community. We examine the ways
in which the ecological force of migration can be manipulated, their resulting macroecolog-
ical outcomes, and the degree that these outcomes can be predicted by the SLM. Using these
results, we identify when and how the SLM succeeded in predicting the effects of experimen-
tal manipulation. By leveraging high-throughput ecological experiments alongside robust
statistical patterns, we can strengthen the predictive and quantitative elements of microbial
ecological theory.

Materials and methods
Experimental data
We identified an appropriate dataset to investigate the macroecology of experimental micro-
bial communities. A recent experimental study maintained ∼ 100 replicate communities
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assembled from a single progenitor soil community and imposed a variety of demographic
treatments [53]. Here, a given microcosm was inoculated from a single progenitor commu-
nity. All microcosms were provided with glucose as the sole supplied carbon source. Each
community was allowed to grow for 48 hours. A fraction of the volume Dtransfer = 0.008 (i.e.,
an aliquot ratio of 1:125) was then sampled and used to inoculate a new microcosm with
the same profile of supplied resources (Table 1). This procedure of inoculating a microcosm
with an aliquot and allowing it to grow for a given period of time is known as a transfer cycle
(Fig 1a). Transfer cycles were repeated 18 times per replicate community.

The demography of replicate communities was systematically altered by manipulating the
form of migration. For the first manipulation, aliquots of the progenitor community were
mixed with aliquots from the previous transfer cycle, so that the community composition of
a microcosm at the start of a new transfer cycle was comprised of both the composition of the
progenitor and the previous transfer cycle. This manipulation is referred to as regional migra-
tion. In the second case, migration was manipulated by sampling aliquots of each community
at the end of a given transfer cycle. These aliquots were mixed and redistributed at the start of
the subsequent transfer cycle at a dilution rate ≈ 0.0084 (Table 1; dilution ratio of 504:60,000).
This manipulation is referred to as global migration. Migration manipulations were only per-
formed for the first 12 dilution cycles (out of the total 18 transfer cycles). This experimental
design provides a series of time points where migration was and was not performed within
each replicate community.

A number of communities were also inoculated with a large aliquot of the progenitor
community. Macroecological patterns of these communities were examined but were
excluded from subsequent analyses since this manipulation only occurred at the first trans-
fer cycle and did not induce lasting macroecological effects. Community data for this exper-
iment was obtained via 16S rRNA sequencing. We reprocessed all raw FASTQ data from the
original study to obtain Amplicon Sequence Variants (ASVs) using the package DADA2 so
that read counts of one could be inferred by pooling observations to obtain a reliable esti-
mate of their error rate [60]. ASVs differ from the more typical Operational Taxonomic
Units in that they allow for community members to be resolved down to single-nucleotide
differences rather than relying on clustering sequences by a given similarity (see [61,62]).
All replicate communities were sequenced at transfers 12 and 18. A subset of communi-
ties were sequenced at every transfer. The number of replicate communities sequenced
at a given transfer cycle for a given treatment is summarized in S1 Table. S1 Text sum-
marizes technical details about the experiment, which can also be found in the original
manuscript [53].

Table 1. Experimentally imposed parameters that were used in this study [53]. Estimates of total community
size were previously obtained.The calculation of Nglobal is the result the procedure used to pool samples from
replicate communities into a single global pool at the end of each transfer, which was then used to inoculate
communities at the start of the subsequent transfer.
Quantity Symbol Value
Total abundance, transfer N*(T) ∼ 108

Total # of migrants, regional Nregional 7.92 ⋅ 106
Total # of migrants, global Nglobal M ⋅ (8 ⋅ 10–5) ⋅Dtransfer ⋅N∗ ≈ 3.07 ⋅ 104
Dilution rate, transfer Dtransfer

4𝜇L
500𝜇L = 0.008

Dilution rate, global Dglobal
504𝜇L

60,000𝜇L ≈ 0.0084

Dilution rate, regional Dregional
504𝜇L

60,000𝜇L ≈ 0.0084

https://doi.org/10.1371/journal.pcbi.1013044.t001
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Fig 1. Emergent variation in experimental communities. a)Microbial community assembly experiments provide a means to maintain diversity in a laboratory
setting. These experiments are commonly performed by growing a community sampled from a given environment (e.g., soil) and using it to inoculate a large number
of replicate microcosms containing the same resource (e.g., M9 minimal media with glucose as the sole carbon source). These replicate communities are allowed
to grow for a period of time (e.g., 48 h.) before aliquots are taken and diluted into microcosms containing replenished resource. This process known as a “transfer
cycle” is repeated a given number of times (e.g., 18) and the resulting communities are sequenced via 16S rRNA sequencing. The abundances of community mem-
bers have the potential to provide the variation necessary to investigate the existence of macroecological patterns in an experimental setting (e.g., Taylor’s Law),
a goal of this study. Red “X” symbols represent the absence of a community member in a sample. b) Variation in abundance consistently arose across treatments
and timescales in experimental communities. This variation could be captured by the relationship between the mean and variance of relative abundance, a pat-
tern known as Taylor’s Law. Each data point represents statistical moments calculated across replicate communities for a single ASV from a single experimental
treatment. Fig 1a created with Biorender (ID a78p433).

https://doi.org/10.1371/journal.pcbi.1013044.g001

Themacroecological predictions of the stochastic logistic model
Populations at low abundance often grow at an initially high rate that proceeds to decrease as
they approach the maximum abundance that an environment can support. This is the central
idea underlying logistic growth and it can be captured by two parameters: 1) the minimal
length of time required to reproduce (inverse of the maximum growth rate), 𝜏 and 2) the
carrying capacity of an environment, K. This simple picture assumes a fully determinis-
tic environment. Environmental stochasticity can be added as fluctuations in the growth
rate, where the strength of environmental noise is controlled by the parameter 𝜎, represent-
ing the coefficient of variation of growth rate fluctuations. The Stochastic Logistic Model
(SLM) captures these two fundamental ecological processes under the form of a Langevin
equation [63,64]

dxi
dt
= xi

𝜏i
(1 – xi

Ki
)

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Self-limiting growth

+
√

𝜎i
𝜏i
xi ⋅ 𝜂i(t)

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Environmental noise

(1)

where xi is the relative abundance of ASV i. The term 𝜂i(t) introduces stochasticity into
the equation as white noise, where the expected value of is ⟨𝜂(t)⟩ = 0 and the time cor-
relation is a delta function ⟨𝜂(t)𝜂(t′)⟩ = 𝛿(t– t′) (implying that the noise at time t is
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uncorrelated with the noise at time t′). This model can be extended to time-correlated
environmental fluctuations [32].

The SLM captures three empirical macroecological patterns that are found in microbial
communities across natural environments: 1) gamma distributed abundances, 2) a power law
relationship between mean relative abundance and the variance of relative abundance (i.e.,
Taylor’s Law), and 3) a lognormally distributed distribution of mean relative abundances [32].
To provide the necessary context for the study, we briefly summarize these three patterns and
their connection to the SLM.

The abundance fluctuation distribution. The Langevin equation defined in Eq 1) defines
a stochastic trajectory xi(t). The probability P(xi, t|xi(0), 0) that the abundance of species i
equals xi(t) at time t when starting from initial condition xi(0) at time t = 0 can be obtained
from the Fokker-Planck equation corresponding to Eq 1 [63]. For large times, this probability
converges to the stationary probability distribution P∗(xi), which in the case the distribution
of the SLM takes the form of a gamma distribution

P∗(xi|x̄i,𝛽i) =
1

Γ (𝛽i)
(𝛽i
x̄i
)
𝛽i
exp [–xi

𝛽i
x̄i
] x𝛽i–1i (2)

where the two parameters x̄i and 𝛽i can be expressed in terms of the statistical moments of
the distribution and also in terms of parameters appearing in Eq 1

⟨xi⟩ = x̄i =Ki (1 –
𝜎i
2
) (3a)

Var(x)
⟨xi⟩2

= 𝜎i
2 – 𝜎i

= 1
𝛽i

(3b)

The expression above hold for absolute abundances, while we must content with a finite
number of reads obtained by sequencing, which are affected by both compositionality and
sampling effects. We can model our sampling process as the Poisson limit of a multinomial
distribution, obtaining a form of the AFD that explicitly accounts for the effect of sampling
[32]. Using this distribution, we can calculate the probability of obtaining n reads out of a
total sampling depth N for the ith ASV as

P(ni|x̄i,𝛽i,N) =
Γ(𝛽i + ni)
ni!Γ(𝛽i)

( x̄iN
𝛽i + x̄iN

)
ni

( 𝛽i
𝛽i + x̄iN

)
𝛽i

. (4)

Reprocessing sequence data using DADA2 was necessary for read counts of n = 1 to be
inferred, allowing us to investigate the full distribution of P(ni|x̄i,𝛽i,N). Often in ecology we
are interested in the relationship between the mean relative abundance of a community mem-
ber and the fraction of communities where it is present (i.e., its occupancy) [13,65,66]. We
can derive a prediction of occupancy using the sampling form of the AFD by setting n = 0 and
noticing that probability that an ASV is present is the complement of its absence. Averaging
overM communities, one obtains a prediction of occupancy

⟨oi⟩ = 1 –
1
M

M
∑
m=1

P(0|x̄i,𝛽i,Nm) . (5)
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Reprocessing the sequence data so that singletons could be reliably inferred allows us to
sum from 1,...,M rather than 2,...,M. Prediction error was estimated as described in S2 Text.

It is worth stating that a stationary probability distribution does not necessarily correspond
with a single stochastic differential equation. In the case of microbial abundances, an alter-
native model has been proposed that results in a stationary gamma distribution, but where
stochasticity arises due to demographic fluctuations (i.e., proportional to√xi rather than xi)
[16]. This model is mathematically the same as a migration-birth-death model that has been
examined elsewhere [32,67]. Under the migration-birth-death interpretation, the absence of
migration (as implemented in our no migration treatment) would result in the abundance of
an observed species increasing over time without bound, a prediction that is not borne out
by the data. Given this prediction alongside prior evidence that environmental noise suc-
ceeds in explaining temporal macroecological patterns of natural communities, we elected to
incorporate stochasticity as environmental noise [34].

Taylor’s Law. Taylor’s Law describes the empirical relationship between the mean and
variance of the relative abundance [29,30] across ASVs

Var(xi)∝ ⟨xi⟩2b . (6)

One can generate a prediction for the dependency of the exponent b on ecological param-
eters by deriving the mean and variance for their probability distribution and plugging them
into the above expression. By comparing this expression to Eq 3 one can see that the case
where 𝛽–1

i is independent of ̄xi corresponds to b = 1. In the context of the SLM, this choice
implies that the strength of environmental noise is constant for all ASVs (𝜎i = 𝜎). However,
for batch culture cycles we are fundamentally interested in how b depends on the initial
abundance of a species, which in-turn depends by migration. Investigating this dependency
requires the time-dependent solution of the SLM which, while solved, is rather unwieldy
(S5 Text). Therefore, we elected to perform simulations of the SLM to determine how the
exponent responds to ecological parameters (additional information in the the following
section). Estimates of b were obtained by log transforming both axes and performing ordinary
least squares regression with SciPy v1.4.1.

The lognormally distributed mean abundance distribution. In observed data, the mean
relative abundances (calculated either across communities or over time) of ASVs, known
as the Mean Abundance Distribution (MAD), frequently follows a lognormal probability
distribution

P(x̄i)lognorm =
1√

2𝜋s2x̄i
exp [–(ln x̄i – 𝜇)

2

2s2
] (7)

If we were to apply this distribution to investigate data it would be the equivalent to
assuming perfect sampling. In reality, we cannot rule out a priori the existence of commu-
nity members with mean abundances that lie below the limit of detection set by sampling (i.e.,
# of reads). To account for sampling effects, we use a modified form of the lognormal that
considers mean abundances with read counts greater than

P(x̄i)lognormemp = 𝜃(x̄i – c)P(x̄i)lognorm

∫ 𝜃(z – c)P(z)lognormdz
(8)

where 𝜃(⋅) is the Heaviside step function. Parameters of this modified lognormal were fit to
the empirical MAD as previously described (see Supplementary Note 7 in [32]).
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Incorporating migration into the SLM
The original form of the SLM is not directly applicable to microbial community assem-
bly experiments. As discussed above, such experiments are performed as transfer cycles,
where growth occurs over a period of time within a microcosm before an aliquot is trans-
ferred to an environment with replenished resources. Phenomenological models of logistic
growth are appropriate for modeling dynamics within a single transfer cycle under certain
conditions (S3 Text). In addition, the time-dependent form of Eq 9 has been derived (i.e.,
P(xi(t), t|xi(0), 0) and could be used to model the temporal dynamics within a given transfer
cycle [68] (description of solution in S5 Text). However, no attempt has been made to incor-
porate experimental details into the SLM so that it can be used to obtain predictions for the
macroecological effects of experimental manipulations.

First, we extended the SLM to incorporate the transfer cycle process. We consider a piece-
wise form of the SLM to describe the dynamics within the kth transfer cycle

dx(k)i
dt
=
x(k)i

𝜏i
⎛
⎝
1 –

x(k)i
Ki

⎞
⎠
+
√

𝜎i
𝜏i
x(k)i ⋅ 𝜂i(t) (9)

where the dynamics start at t = 0 and continue until time t = T. At time T an aliquot of the
community is sampled. The volume of the aliquot relative to the total volume of the micro-
cosm is known as the transfer dilution rate Dtransfer. If the total abundance of the community
is known at time T, then the total abundance at the start of the next transfer cycle can be cal-
culated as N(k)(0) =Dtransfer ⋅ N(k–1)(T). The process of sampling community members at the
end of a transfer cycle can be modeled as multinomial sampling process (S6 Text). With this
sampling process and our piece-wise form of the SLM, we have a minimal dynamical model of
a microbial community assembly experiment.

While they represent different forms of migration, both treatments are similar in that they
are implemented by altering the initial abundance of a community member at the start of a
transfer cycle. We can formulate the number of cells sampled due to migration at the start of
a transfer cycle for a given ASV as follows

ni,regional(0)(k) ∝ xi,progenitor (10a)

ni,global(0)(k) ∝
∑M

m=1 n
(k–1)
i,m (T)

∑S
i=1∑

M
m=1 n

(k–1)
i,m (T)

(10b)

The sampling process of migrants can again be modeled using a multinomial distribu-
tion (S6 Text). We can now examine how the mean initial relative abundance of a given ASV
depends on migration. In this experiment the total abundance of a community at the end
of a transfer cycle did not considerably vary from transfer to transfer, meaning that we can
assume that the total abundance at time T within a transfer cycle remained the same for
all transfer cycles k, (N(k–1)(T)≈N(k)(T)≡N∗(T)). Using this result, we divide the abun-
dance of each ASV by the total abundance in a community to obtain relative abundances

(x(k–1)i (T) = n(k–1)i (T)
N∗(T) ), obtaining the following prediction for the mean abundance at the start

of a transfer cycle
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⟨x(k)i (0)⟩ =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⟨
Dtransferx

(k–1)
i (T)N∗(T) +Dregionalxi,regionalNregional

DtransferN∗(T) +DregionalNregional
⟩ , Regional

⟨
Dtransferx

(k–1)
i (T)N∗(T) +Dglobalx

(k–1)
i,globalNglobal

DtransferN∗(T) +DglobalNglobal
⟩ , Global

⟨x(k–1)i (T)⟩ , No migration

(11)

The impact that migration manipulations have on the initial relative abundance of the
AFD and how they compare to the typical view of migration as a process that occurs at a con-
stant rate is illustrated in S3 Fig. Parameter values are calculated using experimental details
and can be found in Table 1 and simulation details of Eq 9 can be found in S6 Text.

Treatment-specific migration statistics
We identified appropriate statistics to capture macroecological outcomes specific to the
regional and global migration treatments. Significance was established in all instances using
null distributions of statistics obtained via permutation.

Regional migration statistics. We sought to identify 1) how the correlation in ⟨xi(t)⟩
between no migration and migration treatments increased after the cessation of migration
and 2) how the dependency of ⟨xi(t)⟩ on xi,progenitor dissipated once migration manipulations
ceased. The change in correlation coefficients (𝜌) between transfers 12 and 18 was assessed
using Fisher’s Z statistic [69]

Z𝜌 =
z18 – z12√
1

M12–3
+ 1

M18–3

(12)

where zt = log [ 1+𝜌t1–𝜌t ] andMk is the number of replicate communities at transfer k. The
denominator represents the standard error of the numerator. Dependency on the progeni-
tor was evaluated by fitting a regression between xi,progenitor and the ratio of mean abundances

in the regional and no migration treatments
⟨xi⟩regional
⟨xi⟩nomig

. Regression fits were obtained at trans-
fers 12 and 18 and the statistical significance of the change in slope was evaluated using a
permutation-based t-test.

Global migration statistics. For the global migration treatment we predicted that fluc-
tuations in abundance would decrease under global migration. We performed two types of
analyses to test our fluctuation predictions: examining whether 1) the correlation in CVxi
between no migration and global migration treatments and 2) the CV of the log-ratio of rela-
tive abundances between consecutive transfers increased after the cessation of migration. The
log-ratio of relative abundances between two timepoints is defined as Δℓ(k)i = log [x

(k+1)
i /xki ].

We elected to use Δℓ(k)i because 1) it can be interpreted as a discretized form of the per-capita
growth rate and 2) as a ratio it cancels out any potential multiplicative time-independent sam-
ple biases [70,71]. We first calculated the CV of Δℓ(k)i across communities at each transfer for
each ASV, CV(k)Δℓi . To contrast this measure of fluctuations over replicates with a measure of
fluctuations over time within a replicate, we calculated the CV before and after the cessation of
migration for each replicate, CV<Δℓi,m and CV>Δℓi,m . The effect of the cessation of migration on a
per-replicate basis was examined using an F statistic designed to compare two CVs [72]

F(i,m)CV =
(CV>Δℓi,m)

2

1 + (CV>Δℓi,m)2
M>–1
M>

⋅
1 + (CV<Δℓi,m)

2M<–1
M<

(CV<Δℓi,m)2
(13)
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whereM< andM> represent the number of transfers before and after the cessation of migra-
tion, respectively.

Evaluating SLM predictions
Using our experiment-informed simulation, we determined whether shifts in macroecolog-
ical quantities due to migration could be explained by the SLM (S6 Text). To briefly sum-
marize, we first simulated the experiment for 104 uniformly drawn sets of {𝜏,𝜎}. We used
Approximate Bayesian Computation (ABC) to identify the parameters where the simulated
macroecological pattern had the lowest Euclidean distance to the observed pattern. We then
used this inferred set of parameters to generate distributions of the macroecological pattern
or summary statistic using 103 SLM simulations. To evaluate whether migration was capa-
ble of altering a pattern under the SLM, we repeated our simulations across a grid of {𝜏,𝜎}
combinations.

Results
Using a high-replication community assembly experiment, we first examined whether uni-
versal macroecological patterns observed in natural communities could be recapitulated in a
laboratory setting. We then examined whether the patterns we observed were susceptible to
experimental manipulation. We rationalized our observations by extending the SLM to incor-
porate experimental details, allowing us to balance the effectiveness of the SLM as a minimal
model of ecology with the need for experimental realism. Using simulations, we obtained
quantitative predictions and identified whether the macroecological consequences of a given
form of migration could be captured by the SLM, establishing its capacity to predict patterns
of microbial biodiversity.

Macroecological patterns emerge in experimental systems
Predicting the outcomes of experimental manipulation is a vital goal of microbial ecology.
With this goal in mind, we first determined the degree to which empirical macroecological
patterns documented in observational data held in an experimental system (Fig 1a). The num-
ber of potential patterns one can examine is potentially large. From previous works on natural
microbial communities, we know that three main patters are sufficient to recapitulate several
others [32]: 1) the mean and variance of species abundances displaying non-independence
(Taylor’s Law), 2) the Abundance Fluctuation Distribution across independent sites (AFD)
following a gamma distribution, and 3) the Mean Abundance Distribution across indepen-
dent sites (MAD) following a lognormal distribution. Other commonly studied macroecolog-
ical patterns (e.g., the Species Abundance Distribution, abundance-occupancy relationship),
can be obtained and predicted as a consequence of these three patterns. Furthermore, these
three patterns can be rationalized by a stochastic mean-field model, the Stochastic Logistic
Model of growth [32].

We first quantified the variation in abundance that emerged in experimental communi-
ties. The average relative abundance varied over four orders of magnitude, meaning that a
considerable degree of community-level variation can be maintained in a laboratory setting.
We found that the shape of the relationship between the mean and variance of relative abun-
dance across ASVs did not qualitatively vary across treatments, implying that Taylor’s Law can
be applied [29]. Fig 1b shows that the variance of relative abundance was proportional to the
square of the mean, corresponding to Taylor’s Law with an exponent equal to two. This value
implies that the coefficient of variation of relative abundances (CV) remained constant across
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ASVs. Fitting the exponent to each treatment for each transfer, we found a mean exponent
of 2.1± 0.06, suggesting that despite the variation in typical abundance, the CV of relative
abundances remained roughly constant across ASVs.

Given the existence of substantial fluctuations of abundance across replicate communi-
ties, we focused on the full distribution of abundances, known as the Abundance Fluctuation
Distribution (AFD). To facilitate comparisons across ASVs and treatments, we rescaled the
logarithm of the AFD for each ASV by its mean and variance (i.e., the standard score). We
found that rescaled AFDs from different treatments tended to collapse on a single curve,
implying that despite differences in experimental details, the general shape of the AFD
remained invariant. Fig 2a shows that the bulk of empirical AFDs from different treatments
generally followed a gamma distribution, as predicted by the SLM (Eq 2). High abundances
tended to fall outside the predicted right tail of the gamma distribution, a deviation we
attributed to the existence of alternative stable states (and will revisit later) [53].

Abundance fluctuations offer only a partial view of community variation since patterns
of presence/absence of community members could display non-trivial patterns. We there-
fore studied the fraction of communities where a given ASV was present, a measure known as
occupancy. Given that the process of sampling ASVs within a community can be modeled as
a Poisson process, the distribution of read counts can be derived from a gamma AFD which
can be used to obtain occupancy predictions (Eq 5). We found that the predictions of the SLM
generally held across treatments, with slight deviations at high values of observed occupancies
(S1 Fig). This trend is reflected in the distribution of relative errors in our occupancy predic-
tions, where certain treatments appeared to have higher error values than others (S1 Fig). A
permutation-based test was performed to establish the statistical significance of this observa-
tion (S1 Fig). We found a significant, though slight, effect of migration, where it reduced the
error of our predictions for both regional (Δ𝜀regional = –0.24, P = 0.001) and global migration
(Δ𝜀global = –0.2, P = 0.01). Regardless, Eq 5 predicted the occupancy of the typical ASV across
treatments with a high level of accuracy.

Leveraging this result, we investigate the relationship between the mean relative abundance
across replicates and the occupancy of an ASV, more commonly known as the abundance-
occupancy relationship [13,65,66]. We found that all treatments followed predictions of a
gamma distributed AFD (Fig 2b). Deviations from the prediction were likely driven by a com-
bination of 1) averaging over a finite number of ASVs and 2) variation of 𝛽i across ASVs [36].
The existence of a relationship between average abundance and occupancy in experimen-
tal communities is particularly striking, as it implies that the probability of observing a given
community member is primarily determined by sampling effort (i.e., # reads) and mean
relative abundance, despite differences in experimental details. As a point of comparison, we
note that prior research efforts into the AFD of natural communities found that while the
gamma distribution succeeded in capturing the shape of the AFD and predicting occupancy,
alternative distributions such as the lognormal failed on both counts [32].

The success of the gamma distribution in predicting occupancy and interpreting Taylor’s
Law implies that differences in abundances are primarily driven by differences in their mean
relative abundance. The distribution of the mean relative abundances of taxa (known as Mean
Abundance Distribution, MAD) in data is well-described by a lognormal distribution ([32];
Eq 8). This observation can be seen as an across-community extension of the observation that
the distribution of abundances within a single microbial community could be captured by
a lognormal distribution [11]. The low richness of experimental communities (∼ 50 ASVs
per community) makes it difficult to study the MAD of a given treatment, requiring ASVs
to be pooled across treatments and transfers. Using a form of the lognormal that accounts
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Fig 2. Macroecological patterns hold in experimental communities. Empirical macroecological patterns that were previously identified in natural microbial
systems consistently arise in experimental communities [32]. a)The Abundance Fluctuation Distribution (AFD) tended to follow a gamma distribution across
treatments. b) A gamma distribution that explicitly considers sampling successfully predicted the fraction of communities where an ASV is present (i.e., its occu-
pancy). The prediction of the gamma (black line) was obtained by averaging over ASVs within a given mean relative abundance bin. c)TheMean Abundance
Distribution (MAD) was similar across treatments and largely follow a lognormal distribution. The left side of the distribution represents community members
with mean abundances below the detection limit set by finite sampling (Materials and Methods; [32])d). By examining the location parameter (𝜇) and the scale
parameter (s) of the lognormal distribution for each treatment, we found that these independently inferred parameters converged towards the same value as the
experiment progressed from transfer 12 (light shade) to transfer 18 (dark shade). These two parameters control the shape of the MAD, meaning that different
treatments are converging to similar distributions of mean abundance.

https://doi.org/10.1371/journal.pcbi.1013044.g002
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for sampling effort (Eq 8), we found that the resulting empirical MAD can be captured by a
lognormal (Fig 2c).

It is important to note that the lognormality of the MAD itself does not validate or invali-
date the SLM. Rather, under the SLM the observation that the mean relative abundance and
variance are not independent implies that the mean is proportional to the carrying capacity
x̄i ∝ Ki, so evidence of a lognormal MAD informs us of the distribution of parameters used in
the SLM to describe a community, not the SLM itself.

In order to assess the effect of migration on mean abundances, we compared the lognor-
mal location and scale parameters (mean and standard deviation of the log of mean abun-
dance) between transfer 12 (end of migration treatment) and transfer 18 (the last transfer in
the experiment). Fig 2d shows that parameter combinations approached similar values as the
experiment progressed, meaning that the shape of the MAD consistently converged to a sim-
ilar form regardless of the migration treatment. We briefly note how a power law is unlikely
to explain the MAD. While the lognormal can resemble a power law when the scale parame-
ter is large, the fitted lognormal did not appear linear on a log-log scale (Fig 2c) and the scale
parameter continued to decrease with time across experimental conditions [73]. In addi-
tion, inspecting the treatment-transfer combination with the most ASVs (regional migration,
transfer 12), we see that the empirical MAD is not linear on a log-log scale, ruling out the
appropriateness of a power law (S2 Fig).

Testing the macroecological effects of migration
Our analysis has shown that demographic manipulations of experimental communities do
not induce qualitative changes in macroecological patterns (e.g., altering the form of Taylor’s
Law). This result was consistent with the observation that natural microbial communities
across disparate environments displayed similar patterns [21,32]. However, we have not yet
fully examined the quantitative effects of these experimental manipulations. To determine
whether these effects exist and the degree that they can be predicted, we examined deviations
in macroecological quantities, incorporated experiment-specific forms of migration into the
SLM, and tested its predictive capacity.

The previous section demonstrates that the SLM is a useful descriptive model of experi-
mental microbial communities. Therefore, it is reasonable to expect that a form of the SLM
that incorporates migration could serve as a predictive model. While a constant rate of migra-
tion appears intuitive and can be incorporated into the SLM (S4 Text), this model does not
reflect the details of the experiment. Rather, in this experiment migrants only entered com-
munities at the start of a given transfer cycle (Fig 3a). This detail corresponds to a model
where the effect of migration is modeled as an experimentally-induced perturbation on the
initial abundance of an ASV within a transfer cycle (n(k)i (0); Materials and Methods, S6
Text). The full time-dependent solution of the SLM which depends on initial conditions has
previously been solved [68], allowing one to model the temporal evolution of the AFD in
response to experimental perturbations that alter initial abundances and compare their effects
to AFDs with a constant rate of migration (S5 Text and S3 Fig). However, the time-dependent
distribution of abundances is rather unwieldy, which lead us to numerically simulate
the SLM.

In order to simulate the SLM it is necessary to identify the number of variables (i.e., com-
munity richness) and parameter values (i.e., carrying capacities). Using rarefaction curves and
previously established richness estimation procedures [74], we found that the richness of the
progenitor community was ∼ 100 fold greater than the richness of a typical assembled com-
munity (S4 Fig). Migration had little effect on richness, as estimates were only slightly higher
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Fig 3. Incorporating experimental details into the Stochastic Logistic Model. a) Replicate communities were initiated
from a single progenitor community that was isolated from soil. Communities were grown in microcosms containing
a single carbon source for 48 hours, where they were then transferred to a microcosm with replenished resourced. This
process constitutes a single transfer cycle. Migration was manipulated by altering the abundances of ASVs at the start of
a transfer cycle. Two forms of migration were performed: regional and global. Regional migration represents a form of
island-mainland migration, where aliquots of the progenitor community were added at the start of a transfer cycle. Global
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migration was manipulated by mixing aliquots of each replicate community at the end of a transfer cycle, which was then
redistributed at the start of the subsequent transfer cycle. In both cases migration manipulations were performed for the
first 12 transfers (1 to 12) and ceased for the remaining six transfers (13 to 18). Community assembly experiments were
also performed with no migration manipulations for the entirety of the 18 transfers (not pictured). b)Wemodeled the
ecological dynamics of each ASV within a given transfer cycle by incorporating the forms of migration performed in
the experiment into the Stochastic Logistic Model of growth (S6 Text). For a given migration treatment we inferred two
parameters of the SLM: the strength of environmental noise (𝜎; represented as variation in abundance trajectories within
a transfer cycle) and the timescale of growth (𝜏; inverse of the maximum rate of growth). The parameter 𝜏 is particularly
relevant for serial-dilution community assembly experiments, as it determines whether the community member reached
its carrying capacity before the start of the subsequent transfer cycle. Migration altered the relative abundance of an ASV
at the start of a transfer cycle as a perturbation of initial conditions (Eq 11). This experimental detail reduces the relative
abundance of a given ASV if the relative abundance in a migration inoculum was lower than the carrying capacity (Ki),
where the ASV then proceeds to increase in abundance at a rate set by the timescale of growth 𝜏. Conceptual diagram a
was modified from Estrela et al. [53]. Fig 3a created with Biorender (ID j67r579)

https://doi.org/10.1371/journal.pcbi.1013044.g003

among communities that experienced migration while remaining orders of magnitude lower
than the richness of the progenitor community. This result suggests that the carrying capacity
of a given ASV played a primary role in determining its survival, raising the question of how
to 1) specify the carrying capacity of an ASV in the assembled communities (Ki) and 2) deter-
mine how the Ki of an ASV relates to its abundance in the progenitor community. For the
first question, the observation that Taylor’s Law holds in the no migration treatments implies
that the coefficient of variation of growth fluctuations was constant across ASVs (i.e., 𝜎i ≈ 𝜎),
meaning that the mean relative abundance of an ASV across communities is proportional to
its carrying capacity (x̄i ∝ Ki). Given that x̄i follows a lognormal distribution, Ki should also
follow a lognormal.

For the question of dependency between the carrying capacity of an ASV and its progen-
itor abundance, we found that distributions of xi,progenitor differed depending on whether a
given ASV was present in the assembled communities, with ASVs that were present in assem-
bled communities having a higher relative abundance in the progenitor (S5 Fig–S7 Fig). This
statistical dependence between the progenitor and assembled communities, along with details
related to sampling (i.e., number of reads; S8 Fig), were incorporated into our numerical SLM
simulations (Materials and Methods, S6 Text) from which the strength of environmental noise
(𝜎) and the timescale of growth (𝜏) was inferred (S8 Text).

Experiment-agnostic macroecological patterns
We first examined the quantitative effect of migration on the macroecological patterns
that have been unified by the SLM: the AFD and Taylor’s Law. Fig 4a–4c shows that the
AFDs of ASVs rescaled by their mean and variance differed between transfers 12 (migra-
tion present) and 18 (migration absent). This shift was particularly notable in the regional
migration treatment, whereas the global migration treatment AFDs appeared to be the most
similar.

To examine the shift in the AFDs we calculated the KS distance between AFDs from trans-
fer 18 and 12 for each ASV, focusing on ASVs present in every replicate community, and then
calculated the mean KS over ASVs. Using Approximate Bayesian Computation (ABC), we
identified the {𝜏,𝜎} pair that best explained the observed mean KS statistic (Materials and
Methods; S6 Text). We then used the selected set of parameters to generate distributions of
mean KS using 103 SLM simulations. The discrepancy between the data and our predictions
for the no migration treatment could be explained by the existence of multiple attractors,
a scenario where certain ASVs had high abundances in a subset of communities and low
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Fig 4. Migration impacts the shape of AFDs. a-c) By rescaling log10 transformed AFDs for each ASV, we examined how the shape of the AFD changed before and
after the cessation of migration. We quantified this shift by estimating the KS distance between ASVs before (transfer 12) and after (transfer 18) the cessation of the
migration treatment for each ASV, then calculated the mean over ASVs. d-f) Using the selected parameter combinations of the strength of environmental noise
(𝜎) and the typical timescale of growth (𝜏) identified by ABC, we found that the SLM predicted reasonable KS statistics for regional migration as well as within
the major attractor of the no migration treatment (inset of sub-plots a,d), with borderline successful predictions for the global migration treatment. The solid ver-
tical line represents the mean KS statistic from empirical data while the dashed vertical lines represent the 95% confidence intervals of the distribution of mean KS
statistics calculated from our simulated data.

https://doi.org/10.1371/journal.pcbi.1013044.g004

abundances in others, a qualitative deviation from the SLM [53]. Focusing on communities
which belonged to the major attractor (∼ 70% of communities, S2 Table), we found that the
SLM could predict the observed mean KS (insert of Fig 4d). The effect of regional migra-
tion was also captured by the SLM (Fig 4e), with the observed statistic for global migration
communities lying slightly outside predicted range (Fig 4f). However, manipulating the SLM
parameters revealed that the AFD exhibited the largest systematic deviation via migration for
the regional migration treatment (S9 Fig). This result suggests that the inability of the SLM to
fully capture the change in AFDs for the global migration treatment was due to its invariance
to this particular form of migration.

We then analyzed how migration impacted the exponent of Taylor’s Law (Fig 5a–5f).
Under regional migration, we found that the exponent was lower than that of the no
migration treatment at transfer 12 (Fig 5a and 5b), but approached the result of the no
migration treatment by transfer 18 (Fig 5d and 5e). Similarly, the intercept of regional
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Fig 5. Regional migration impacts the exponent of Taylor’s Law. a-f) By examining the exponent of Taylor’s Law for each treatment we found that the exponent
only considerably changed after the cessation of migration for the regional migration treatment. Each data point represents statistical moments calculated across
replicate communities for a single ASV from a single experimental treatment. g-i) Using ABC-selected parameters (strength of environmental noise (𝜎) and the
typical timescale of growth (𝜏)) we found that the SLM succeeded in predicting the change in the exponent for regional migration.

https://doi.org/10.1371/journal.pcbi.1013044.g005

migration treatment was initially higher, but proceeded to approach the value of the no
migration treatment at treatment 18. In contrast, there was little change in the values of
the exponent or intercept for the global migration treatment. In line with our predictions,
there was no significant change in the exponent (texponent = –1.1, P = 0.2) or the intercept
(tintercept = –0.6, P = 0.6) between transfers 12 and 18 for the communities that did not undergo
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migration. We found that global migration did not alter the exponent (texponent = –0.4, P = 0.7)
or the intercept (tintercept = –0.4, P = 0.8). Contrastingly, regional migration significantly
altered both the exponent (texponent = 3.3, P = 0.02) and the intercept (tintercept = 2.75, P = 0.03).

By repeating the same simulation procedure outlined for the AFD we found that the dis-
tribution of exponents generated could predict the observed values of texponent across all
migration treatments (Fig 5d–5f). However, by examining texponent and tintercept across a grid
of parameter combinations we found that the statistic was again only informative for the
regional migration treatment (S10 Fig and S11 Fig). Our results demonstrate that the AFD
and Taylor’s Law were primarily informative of the effects of regional (i.e., island-mainland)
migration.

Experiment-specific macroecological patterns
Themacroecological patterns we have examined up to this point can be explained by the
SLM, though the AFD was not substantially altered by migration. It is useful to supplement
our analyses by considering novel macroecological patterns that are likely to be altered by
migration. Given the details of the experiment, we predicted that regional migration would
alter typical abundances, whereas global migration would alter fluctuations in abundance
(Materials and Methods).

Regional migration. Given the difference in abundance between assembled communi-
ties and the progenitor, we predicted that regional migration would alter the mean abundance
of an ASV. We examined paired MADs for the regional and no migration treatments before
(k = 12) and after (k = 18) the cessation of migration. The correlation between MADs was ini-
tially low and non-significant at transfer 12 but significantly increased by transfer 18 (Fig 6a
and 6b; Z𝜌 = 2.7, P = 0.01) [69]. Our SLM simulations recapitulated this observation, as we
were able to predict the observed value for the selected parameter combination of 𝜎 and 𝜏
from ABC (Fig 6c) and over a specific range of parameter combinations (S12 Fig). These
results are consistent with the interpretation that ASVs reverted to their previous typical
abundance (captured by the carrying capacity) once island-mainland migration ceased.

We then sought to determine whether the effect of regional migration depended on the
abundance of an ASV in the progenitor community. To examine this dependence, we stud-
ied the relationship between the ratio of the mean abundance of an ASV in the regional and
no migration treatments

⟨xi⟩regional
⟨xi⟩nomig

and its abundance in the progenitor community. We found
that at transfer 12 there was a strong relationship between the two quantities (statistically
significant via permutation). By transfer 18 the slope was statistically indistinguishable from
zero (Fig 6d and 6e). The observed change in slopes was significant (t = –2.6, P = 0.03) and
could be reproduced using the SLM for certain 𝜎, 𝜏 parameter combinations. These combi-
nations overlapped with those that reproduced observed estimates of Z𝜌 (Fig 6f and S12 Fig),
providing further validation of the SLM.

Global migration. According to the prediction of the model, global migration should
strictly alter fluctuations in ASV abundance across replicate communities while leaving
mean abundance unchanged (Materials and Methods; S7 Text). Specifically, the correla-
tion in the MAD between global and no migration treatments should remain unchanged
before and after the cessation of migration manipulations. This prediction held, as there
was no significant change in the correlation between transfers 12 and 18 (S13 and S14 Fig;
Z𝜌 = 0.2, P = 0.4). However, there was also no significant increase in the strength of correla-
tion for the distribution of CVs (Z𝜌 = 0.3, P = 0.6), meaning that the cessation of migration
did not considerably alter fluctuations in abundance.
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Fig 6. Regional migration alters typical abundance in a manner consistent with SLM simulations.The properties of the MAD were examined to
evaluate the impact of migration over time. a) At transfer 12, the last transfer with migration, we found no apparent correlation between the MADs
of the regional and no migration treatments. b) Contrastingly, the strength of the correlation rapidly increased by transfer 18. The significance of
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this difference can be evaluated by calculating Fisher’s Z-statistic, a statistic that can be applied to correlations calculated from simulated data. c)
By performing simulations over a range of environmental noise strengths (𝜎) and timescales of growth (𝜏), we visualized how the observed value
of Z𝜌 compared to simulated distributions and identified reasonable parameter regimes as well as the relative error of our predictions. d, e)The
ratio of the MAD between regional and no migration provided a single variable that can be compared to the abundance of an ASV in the progenitor
community. There was a positive significant slope at transfer 12 that dissipated by transfer 18, reflecting the cessation of migration. Only sub-plots c
and f contain simulated data.

https://doi.org/10.1371/journal.pcbi.1013044.g006

It is possible that two time points are insufficient to detect the impact of global migra-
tion, as detecting shifts in fluctuations often require more observations than detecting shifts
in typical values. As a solution, we leveraged the higher sampling resolution of the global
migration treatment to examine the change in abundance between time points (Δℓ), as
a subset of global migration communities were sequenced at each of the 18 transfers (S1
Table). The mean change in abundance across replicate communities at transfer k (⟨Δℓ(k)⟩)
tended to relax towards a value of zero around the sixth transfer and remained there through-
out the rest of the experiment (S15 Fig). This trend indicates that the abundances of ASVs
reached stationarity with respect to the start of the experiment by transfer 6, allowing us to
examine equal intervals of transfer cycles before (7–12) and after (13–18) the cessation of
migration.

Using permutational t-tests we determined whether ⟨Δℓ(k)⟩ was altered after the cessa-
tion of migration, controlling for ASV identity. There was no evidence that ⟨Δℓ(k)⟩ changes
in either the no migration treatment ( ̄t = 0.1, P = 0.3) nor in the global migration treatment
( ̄t = 0.09, P = 0.1). This result is consistent with that prediction that global migration would
not alter typical abundances.

Turning to fluctuations, we examined the CV of Δℓ(k). As predicted, the distribution of
CV(k)Δℓ did not increase for the no migration treatment ( ̄t = 0.09, P = 0.8; Fig 7a). In the global
migration treatment, the coefficient of variation CV(k)Δℓ significantly increased after the ces-
sation of migration ( ̄t = 1.3, P<10–3; Fig 7b). This result is consistent with our prediction that
global migration dampens fluctuations across communities. However, while our SLM sim-
ulations succeeded in predicting ̄t for the no migration treatment, they failed to capture the
effects of the global migration treatment (Fig 7c and 7d).

Experimental details may explain why the effect of the global migration treatment, while
significant, was not particularly large, as the size of the inoculum was nearly two orders of
magnitude smaller than that of regional migration (Table 1). However, this experimentally-
imposed parameter does not explain why the observed value of CV(k)Δℓ lay outside the predic-
tions of the SLM. Attractor status also does not explain this discrepancy, as the global migra-
tion communities were previously classified as belonging to the same attractor (S2 Table,
[53]). Instead of evaluating fluctuations across communities, we focused on fluctuations over
time within individual communities to evaluate the effect, if any, of global migration. We
found that estimates of the CV before (CV<Δℓ) and after the cessation of migration (CV>Δℓ)
were similar for both the no and global migration treatments (Fig 7e and 7f). Using a mea-
sure of the change in CVs, we found that distributions of both treatments highly overlapped,
meaning that the change in the CV within a given community did not considerably increase in
the global migration treatment (Fig 7g). Splitting said distribution into high occupancy ASVs
reinforced this conclusion, as there was no systematic increase in the change in CV for the
global migration treatment (Fig 7h).
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Fig 7. SLM simulations are unable to reproduce log-fold fluctuations across communities under global migration. By leveraging the entire timeseries we can
examine how the coefficient of variation of Δℓ was altered by migration for two scenarios: 1) fluctuations across replicate communities at a given transfer (CV(k)Δℓ )

and 2) fluctuations before (CV<Δℓ) and after (CV>Δℓ) the cessation of migration within a given community. a) As expected, there was no change in CV(k)Δℓ for the no

migration treatment. b)However, CV(k)Δℓ tended to slightly increase after transfer 12 for global migration, a shift that was found to be significant using a t-test where
transfer labels were permuted for each ASV. c, d) Our SLM predictions using the ABC-selected strength of environmental noise (𝜎) and typical timescale of growth
(𝜏) succeeded for the no migration treatment, but was unable to capture observed values of ̄t under global migration. These results pertaining to the fluctuations
across communities can be contrasted with fluctuations within a community. e, f)We did not observe a systematic shift in the CV before vs. after the cessation of
migration for either treatment. g) By calculating the difference between two CVs (FCV) for each ASV in each replicate community, we did not observe a significant
difference between migration treatments using a KS test constrained on ASV identity. h)This conclusion is confirmed by investigating the change in the CV for high
occupancy ASVs, as there was no systematic difference between migration treatments.

https://doi.org/10.1371/journal.pcbi.1013044.g007

Discussion
Themain result of this study is the demonstration that experimental microbial communities
grown on a single carbon source (i.e., glucose) can sustain orders of magnitude of variation
in abundance across community members. This variation provides the means to assess dis-
tributions of typical abundances across several orders of magnitude, a prerequisite for exam-
ining broad probabilistic patterns of diversity and using a macroecological approach. Meet-
ing this criterion allowed us to document the existence of macroecological patterns that have
only been documented in naturally occurring communities, suggesting a quantitative equiv-
alence between experimental and observational studies despite the controlled nature of arti-
ficially maintained communities. However, the repeatable maintenance of variation observed
in the face of demographic manipulations was likely contingent on the high level of variation
present in the progenitor community. This figurative raw material is analogous to the need
for genetic variation to exist before selection can occur [75–77], the absence of which would
preclude the possibility of macroecological investigations.
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Characterizing robust empirical patterns in artificial communities is a key step toward
identifying predictive ecological models. The existence of patterns predicted by the SLM in
artificial communities provided an opportunity to evaluate the macroecological consequences
of experimental manipulations. Our approach of extending the SLM, an empirically vali-
dated model of microbial community composition, using experimental details proved to be
a useful framework for identifying treatments that were capable of generating macroecolog-
ical effects. We examined the effects of two different forms of migration: regional (island-
mainland) and global (fully interconnected metacommunity) [53]. As expected, regional
migration altered macroecological patterns of typical relative abundance in a manner that was
captured by the SLM using minimal free parameters. The results of our regional migration
analyses demonstrate that the SLM can link experimental communities and macroecological
patterns.

Regarding global migration, we predicted that the treatment would primarily alter ASV
fluctuations around their typical abundance [59]. We observed no change in the abundance
fluctuations of community members after the cessation of migration within individual com-
munities. However, we found that variation across communities tended to increase after the
cessation of migration. This trend is consistent with our hypothesis regarding the effect of
global migration, though it could not be reproduced by our model. This inconstancy between
fluctuations across and within communities suggests that experimental communities read-
ily reach a state where their statistical properties do not change over transfer cycles, but can
vary from community-to-community. In physics parlance, experimental communities are sta-
tionary, but may not necessarily be ergodic [78]. The existence of alternative stable-states are
a likely explanation, as they are common in experimental microbial communities [56,79,80],
were present in the “no migration” treatment for our experiment of interest [53], and can be
induced via fluctuations intrinsic to serial dilution experiments [81]. In addition, the effects of
alternative stable-states have been used to explain invasion dynamics in experimental micro-
bial communities [82]. The SLM as presented in this manuscript cannot capture the exis-
tence of alternative stable-states, as the abundance of each species fluctuate independently
around the same value. While the SLM as-is cannot account for alternative stable-states, it
has been previously modified to investigate the macroecological consequences of alternative
stable states in natural microbial communities, but required temporal sampling effort which
exceeds that of the experiment we considered [36]. Regardless, we can make two claims about
the impact of alternative stable-states. First, the quantity of migrants chosen for the global
migration treatment was sufficient to alter attractor status, but insufficient to alter fluctua-
tions in abundance within a given community. Second, macroecological patterns captured
by the SLM persisted despite the pervasiveness of alternative stable-states, implying that het-
erogeneous outcomes of community assembly do not qualitatively alter macroecological
patterns.

In this study we focused on patterns relating to the typical abundance and fluctuations in
abundance across communities as well as over time. Noticeably, we did not investigate pat-
terns that likely require the explicit invocation of interactions between community mem-
bers (e.g., the correlations of abundance fluctuations), as the addition of interaction terms
into the SLM would require several assumptions about the network of interactions and their
magnitude. However, the absence of interaction terms in the SLM does not mean that inter-
actions did not contribute to the macroecological patterns we observed. Models such as the
SLM can be viewed as “mean-field” models, where interactions between community mem-
bers are permitted, but their effects on the dynamics of a given community member are
determined by the mean dynamics of all community members [83]. Specifically, the SLM as
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presented in this study will continue to hold if the effect of community interactions is
restricted to the parameters of the SLM (e.g., carrying capacity). Investigating correlations in
abundance between community members, which can be understood as an outcome of specific
ecological interactions rather than the mean effect of the community, likely requires mod-
els that go beyond phenomenology by explicitly considering mechanisms such as resource
consumption [12,84]. Indeed, consideration of resource consumption has proven critical for
investigating the evolutionary dynamics of microorganisms in an ecological context [22].

Recent developments on the predictability of community function (e.g., total biomass,
polysaccharide hydrolysis, resource excretion, etc.) point towards new avenues of exploration
for microbial macroecology. There is increasing evidence that the functional profiles of exper-
imental communities tend to follow quantitative rules that are amenable to mathematical
modeling [85–88]. Extending studies of microbial macroecology beyond patterns of abun-
dance and community composition to the level of function would fully realize the physiolog-
ical and energetic breadth that allowed macroecology vital to advance our understanding of
macrobial life [4].

It is worth discussing how the experimental implementation of migration relates to natural
environments. Microbial community assembly experiments often examine ecological dynam-
ics as a “boom-and-bust” phenomenon, where abundances are initially low and proceed to
reach a carrying capacity. This decision is often made due to the unwieldy nature of man-
aging an array of continuous cultures (i.e., chemostats). However, this experimental design
may reflect pulse-like forms of migration in nature, as boom-and-bust dynamics can be found
across diverse ecosystems. Examples of environments where boom-and-bust dynamics occur
include pitcher plants [89], particles of organic matter in the open ocean [90,91], and even
the human gut [92,93]. Boom-and-bust dynamics can serve as a useful model for environ-
ments where resources are periodically supplied, as migrants must persist until the environ-
ment becomes favorable to growth (e.g., surviving in a metabolically inactive state [94–96]).
Migration in such systems is difficult to quantify, though recent evidence suggests that it is
sufficiently high such that microbes are rarely endemic to the environment in which they
are found [97]. One could then predict that the shift in the AFD and the exponent of Tay-
lor’s Law observed in this experiment may hold for natural communities. However, a key
parameter of our modeling efforts was the number of migrants transferred at the start of a
given transfer cycle relative to the size of the community. Here the value of that parameter
was known because it was chosen by the experimenters. In natural systems that parameter is
rarely known, though one could estimate it by tracking the rate that cells enter and exit the
system. If such measurements were obtained for a variety of natural systems, one could theo-
retically investigate the dependency of macroecological patterns on migration rates in natural
microbial communities.

Finally, we consider how the results presented here shape the microbial view of macroe-
cology. The discipline of macroecology was originally conceived as an explicitly non-
experimental form of investigation [4]. Analysis of the origin and development of macroecol-
ogy provides two historical explanations for the initial rejection of experimental approaches:
1) large-scale community-level experiments were often impractical and 2) producing general-
ities from experiments has proven to be difficult [98]. Our results demonstrate that these two
constraints are ameliorated by the features of microbial communities, providing counter evi-
dence to recent claims that statistical distributions do not provide information about ecologi-
cal mechanisms [99]. The timescales, abundance, and comparative ease with which ensembles
of communities can be maintained and manipulated make microorganisms an ideal system
for testing quantitative macroecological predictions.
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S1 Fig. The sampling form of the gamma distribution predicts ASV occupancy. a)The
fraction of replicates harboring a given ASV (i.e., occupancy) can be predicted using a form
of the gamma distribution that accounts for sampling across experimental treatments and
transfers. b)The distribution or relative errors exhibited a similar form across treatments and
transfers, suggesting that the predictions of the SLM are broadly applicable. c) By compar-
ing ASVs that were present in both migration and no migration treatments, we can see that
the errors are generally similar between treatments, if only slightly higher in the no migration
treatment.
(TIFF)

S2 Fig. Lognormal MAD of regional migration treatment. In Fig 2d the MAD of each treat-
ment were separately rescaled to facilitate comparison, meaning that a single lognormal was
fit. The lognormal parameters (𝜇 and s) slightly vary from treatment-to-treatment, so lognor-
mal fits were examined for separate treatments. Here we present the MAD with fitted lognor-
mal for the regional migration treatment at transfer 12, the treatment with the highest num-
ber of ASVs. We see that the empirical MAD is non-linear on a log-log scale, suggesting that a
power law would not serve as an appropriate descriptor.
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S3 Fig. The effect of migration on the AFD when modeled as a perturbation of initial con-
ditions vs. a constant rate.We examined how migration as a perturbation of initial condi-
tions compared to a commonly assumed form of migration where it occurs at a constant rate
per-unit time. The AFD of a form of the SLM with a constant rate of migration at station-
arity was derived (S4 Text) and the time-dependent solution of the SLM was obtained from
a prior study (S5 Text) . The following parameters were used: Ki = 10–3, 𝜎i = 0.7, 𝜏 = 1, and
xi(0) =mi = 10–2. We have rescaled time using the timescale of growth to arrive at a dimen-
sionless parameter t

𝜏 . The AFD with no experimentally-imposed migration is represented by
Eq 2 (i.e., a gamma distribution).
(TIFF)

S4 Fig. Rarefaction curves for each treatment. Rarefaction curves demonstrate how the
richness (# ASVs) is 100-fold lower in descendant communities relative to the progenitor.
(TIFF)

S5 Fig. Progenitor abundance vs. assembled mean abundance.There is effectively zero cor-
relation between the relative abundance of an ASV in the progenitor community and its mean
abundance among descendant communities for all treatments at both transfers 12 and 18.
(TIFF)

S6 Fig. Presence in descendant as function of progenitor abundance. a) An ASV is more
likely to be present in the descendant communities if it has a higher relative abundance in the
progenitor. b)This result implies that probability that an ASV has a non-zero carrying capac-
ity is a function of its progenitor abundance, a relationship that can be modeled as a logistic
regression.
(TIFF)

S7 Fig. The distribution of abundances in the progenitor community is consistent across
treatment status. a–d)The abundances of ASVs in the progenitor that are present in a given
treatment are consistently shifted to the right, implying that the probability of an ASV sur-
viving is conditional on its initial abundance. Permutation-based two-sample Kolmogorov—
Smirnov tests were performed for each treatment.
(TIFF)

S8 Fig. The distribution of total read counts. In our simulations the generation of reads
from relative abundances was done as a multinomial sampling process, where the total num-
ber of reads of a given replicate at a given time point was drawn from the empirical distribu-
tion of total read counts.
(TIFF)

S9 Fig. AFD simulations. a–c)The KS distance (KS) between AFDs from transfers 12 and 18
for all migration treatments across a parameter grid. d–f) Using the empirical KS distance,
we obtained the mean relative error for each simulation. We see that the error of our predic-
tions systematically tends to cluster for certain parameter regimes, particularly for regional
migration. This pattern suggests that there are adjacent parameter regimes where the SLM
adequately performs. For each parameter combination 100 iterations were performed.
(TIFF)

S10 Fig. Taylor’s Law exponent simulations.The equivalent analysis as shown in S9 Fig for
the exponent of Taylor’s Law.
(TIFF)
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S11 Fig. Taylor’s Law intercept simulations.The equivalent analysis as shown in S9 Fig for
the intercept of Taylor’s Law. Similar to S10 Fig the errors tend to cluster together for regional
migration, implying that the SLM is performing adequately for adjacent combinations of
parameter regimes.
(TIFF)

S12 Fig. Simulations of regional migration statistics.The equivalent analysis as shown in
S9 Fig–S11 Fig for statistics that capture the directional change in abundance caused by
regional migration. The parameter regimes with lowest error correspond to the regions with
lowest error for our regional migration Taylor’s Law analyses (S10 Fig and S11 Fig).
(TIFF)

S13 Fig. Global migration does not alter the MAD nor the distribution of CVs. Simi-
larly to the regional migration patterns examined, we evaluated whether a change in corre-
lation occurred for the global migration treatment for the paired MAD and distribution of
CVs. Within each time point for each measure, the strength of the correlation of significantly
greater than zero. However, the change in correlation Z𝜌 was not significant for both cases, a
result that is consistent with simulation results.
(TIFF)

S14 Fig. Simulations of global migration statistics.The equivalent analysis as shown in
S9 Fig for statistics that capture the change in the fluctuations around the typical abundance
caused by global migration.
(TIFF)

S15 Fig. Mean change in Δℓ under global and no migration. For both a) no and b) global
migration the mean of Δℓ is initially higher than the stationary value of zero, though the
mean relaxes to zero by transfer six for both treatments and does not appear to change after
the cessation of global migration. This result is consistent with predicted consequences of
global migration.
(TIFF)

S1 Table. The number of replicate communities sequenced for a given treatment at a given
transfer.
(PDF)

S2 Table. Attractor status.The percent of communities belonging to a given attractor for
each migration treatment.
(PDF)
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