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Abstract

Disturbances to an environment can influence the diversity of species it can support. How-
ever, the impact of a disturbance’s intensity and the frequency that it occurs on the diversity
of species in the environment is unclear. In this study, a soil microbial community was grown
using an automated culturing system that applied controlled disturbances of predetermined
intensity and frequency to the community using dilution as a model disturbance. 16s rRNA
sequencing was used to determine the diversity of microbial species under each combination of
disturbance intensity (mean dilution rate, % volume hr−1) and frequency (number of dilutions
day−1). Unexpectedly, a U-shaped curve was observed between Shannon diversity and mean
dilution rate at high dilution frequencies. However, at low dilution frequencies the U-shape
curve was not present, indicating that diversity was preserved across a wide range of mean
dilution intensity. The microbial community was modeled using a Monod consumer resource
model, which was able to reproduce the effect observed by experiments. These findings could
help understand and predict the effect of disturbances on environments in varying contexts,
from forests affected by occasional wildfires to gut microbiomes affected by antibiotic usage.

1 Introduction
Biodiversity is a key feature of ecosystems. Higher diversity in an environment has been associated
with greater stability and overall productivity [2]. Disturbances to an environment can influence
the abundance of species in the environment, however, there has not yet been a systematic means
to make testable predictions regarding the effect of a given disturbance on environmental diversity -
an effect that has been referred to as a diversity-disturbance relationship. Here, two characteristics
of an environmental disturbance were considered: 1) its intensity, defined as the average mortality
rate imposed by the disturbance when it occurs, and 2) its frequency, defined as the number of
instances of the disturbance in a given period of time.

Previous researchers have proposed the intermediate disturbance hypothesis [3], which states that
diversity peaks at intermediate disturbance intensity. According to this hypothesis a small number
of species that have superior fitness to their peers will dominate undisturbed environments, where
conditions are relatively constant, leading to low diversity at low disturbance intensity. At high
disturbance intensity only robust species can persist, excluding those with naturally slower growth
rates, once again leading to low diversity. As low diversity is predicted at both high and low dis-
turbance intensity, intermediate disturbance intensity is predicted to maximize diversity.
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However, the prediction of an "upside down U" shaped diversity-disturbance relationship by the
intermediate disturbance hypothesis has not always been consistent with experimental observations
[4, 5]. This could point to a missing variable in the hypothesis, namely, the disturbance frequency.
For example, a occasional disturbance could introduce temporal niches similar to seasonal effects
[6, 7]. This could allow certain species to thrive when the disturbance is present or in its immediate
aftermath, which may transition to dormancy as the disturbance recedes and the ecosystem returns
to its undisturbed state, allowing a different set of species to thrive. In essence, an infrequent
disturbance could create two pseudo-steady states in the ecosystem, an undisturbed state and a
disturbed state, with the possibility for different species to thrive in each state and greater overall
diversity as a result.

Previous studies have considered the impact on diversity due to disturbances such as fluctuating
nutrient levels [8], sonication [9], ultraviolet light [10], osmotic pressure [11] or the presence of toxic
compounds [12]. In this study, diversity disturbance relationships were evaluated for a soil-derived
microbial community cultured using eVOLVER [13], an automated miniature bioreactor array which
can be used to tightly regulate environmental conditions. Compared to larger-scale ecosystems in
nature, this in vitro approach has the advantages of more rapid and inexpensive experiments, bet-
ter control of environmental variables, and access to a 16s rRNA sequencing pipeline to determine
diversity under the different experimental conditions that were imposed.

Dilution was chosen as a model disturbance as it causes species-independent mortality but also
replenishes the environment with fresh resources, which may have parallels to environments such as
the gut. Diversity was determined for the soil microbial community under different mean dilution
rates and dilution frequencies. A canonical model of microbial population dynamics was applied to
determine whether Monod growth kinetics would be sufficient to predict the diversity disturbance
relationships experienced by the microbial community under disturbances of varying intensity and
frequency.

2 Materials and methods

2.1 Experiments
A soil sample (2 g) were obtained from the Communications Lawn at Boston University on Septem-
ber 15, 2018 (coordinates: 42.349222 N, 71.101878 W). The sample was vortexed with 10 mL
Phosphate Buffered Saline (PBS) solution + 200 µg/mL cycloheximide and then incubated for 48
hours in the dark. Next, 350 µL of the soil + PBS mixture were used to inoculate 25 mL of 0.1
X Nutrient Broth media(0.3 g/L yeast extract + 0.5 g/L peptone, Fisherbrand) with 200 µg/mL
cycloheximide, which was incubated for 18 hr at 25°C and used to prepare a cryostock in 15%
glycerol which was frozen at -80 °C.

Cryostocks were used to inoculate mini bioreactors in the eVOLVER system [13], an automated,
high-throughput system that was used to incubate samples at predetermined average dilution rates
(0.1, 0.2, 0.3, or 0.4 hr−1) and dilution frequencies (1, 4, 16, or 600 dilutions per day) for 6 days.
For example, if a mean dilution rate of 0.2 hr−1 and frequency of 16 were applied, then the culture
was diluted 16 times per day, with 30% of the culture exchanged for fresh media on each dilution
(0.3 = 0.2 ∗ 24/16).
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On day 6, 2 mL culture was extracted from each bioreactor, centrifuged, frozen at -20°C for up to
72 hr, lysed at 37°C in 200 µL lysozyme buffer, processed using the DNEasy Blood and Tissue Kit
and then normalized to 5 mg DNA/µL.

The 16s v4 region was sequenced according to a previously described method [15] with primers
prCM543 and prCM544. Sequencing was carried out at the Harvard University Biopolymers Facility.
Samples were demultiplexed using the Illumina BaseSpace tool. All preceding steps were carried out
by the authors of the original study [1]. Subsequent steps were carried out as part of the re-analysis.

2.2 Data analysis
Data from the original study were obtained from the NCBI Sequence Read Archive under BioPro-
ject accession code PRJNA719465. Samples were obtained for all combinations of mean dilution
rate and frequency (4 dilution rates * 4 frequencies * 4 replicates =64 samples). One sample was
excluded due to contamination, leaving 63 samples that were part of the re-analysis.

Samples were demultiplexed using Qiime2 (version 2021.11) using the command dada2 [16] to
determine Amplicon Sequence Variants (ASVs). A left trim of 15 bases and truncation length of
200 bases was applied to all forward and reverse reads.

Figure 1. Sequence quality plots used to determine trim and truncation parameters.

Table 1. Sequence accounting for DADA2.

DADA2 Step # Sequences Percent retained
Input 2,652,996 100%

Filtered 2,528,182 95.3%
Denoised 2,521,952 95.1%

Merged and chimeras removed 2,323,800 87.6%

A phylogenetic tree was constructed using phylogeny align-to-tree-mafft-fasttree
and samples were rarefied to 6840 features using the command diversity alpha-rarefaction,
retaining 62 of the 63 samples.
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Figure 2. Shannon diversity vs rarefaction depth. Each value is the average from 10 iterations.

Taxonomy of each ASV was assigned using feature-classifier classify-sklearn with
a pretrained Naive Bayes classifer trained on the Greengenes 13_8 database: gg-13-8-99-515-806-
nb-classifier.qza.

3 Results

3.1 Alpha diversity
Core metrics of alpha diversity revealed an unexpected, U-shaped relationship between the diversity
of the microbial community and the mean dilution rate (Figure 3), but only when dilution was
applied somewhat frequently (4, 16, or 600 times per day), with the effect most evident at higher
dilution frequencies. Alpha diversity metrics thus showed a loss of diversity at intermediate dilution
rates, contrary to the intermediate disturbance hypothesis. However, diversity was preserved (loss
of U-shape) when dilution was infrequent, most evident in the case where dilution was carried out
only once per day. It should be noted that all samples were cultured independently under the
prescribed experimental conditions, that is, the community exposed to a dilution rate of 0.1 hr−1

at a freuqency of 1 day−1 was grown under those conditions in a separate bioreactor vessel than the
community exposed to a dilution rate of 0.2 hr−1 at a freuqency of 1 day−1. Statistical analysis of
alpha diversity metrics was carried out using the Kruskal-Wallis test (Table 2).
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Figure 3. Core metrics of alpha diversity for the soil microbial community grown under varying
mean dilution rates and frequencies.

Table 2. Statistical analysis of core metrics of alpha diversity. p-value classifications are shown for
each main effect in the experiment (mean dilution rate and frequency) for each metric.

Diversity metric pmean dilution rate pfrequency

Shannon > 0.05 > 0.05
Chao1 < 0.01 < 0.01

Evenness > 0.05 < 0.01
Faith phylogenetic diversity < 0.01 > 0.05

Observed features < 0.05 < 0.01
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3.2 Beta diversity
Core metrics of beta diversity showed that the samples were clustered strongly by frequency and
weakly by mean dilution rate (Figure 4). Beta diversity was analyzed using principal coordi-
nate analysis (diversity beta-group-significance) in Qiime2 followed by PERMANOVA
with the pairwise-adonis function in R (R version 4.2.2 using R studio version 2023.0.3). Sig-
nificance levels of main effects are shown in Table 3. All metrics of beta diversity were significantly
influenced by the mean dilution rate and frequency.

Figure 4. Core metrics of beta diversity for the soil microbial community grown under varying
mean dilution rates and frequencies.

Table 3. Statistical analysis of core metrics of beta diversity. p-value classifications are shown for
each main effect in the experiment (mean dilution rate and frequency) for each metric.

Diversity metric pmean dilution rate pfrequency

Weighted Unifrac < 0.01 < 0.01
Unweighted Unifrac < 0.01 < 0.01

Bray-Curtis < 0.01 < 0.01
Jaccard < 0.01 < 0.01
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3.3 Taxonomic composition
Taxonomy was analyzed by determining the relative abundance of different microorganisms at the
phylum, family, and genus levels (Figure 5). The soil microbial community consisted of mostly
Bacteroidetes and Proteobacteria. The relative abundance of Proteobacteria did not increase with
the mean dilution rate but increased with frequency. Alpha diversity analysis revealed a U-shaped
relationship between community diversity and dilution rate at high frequency, but no relationship at
low frequency. Here, comparing the relative abundance bar graphs for a frequency of 600 dilutions
per day to the graphs for frequency of 1 dilution per day supported that the community was more
diverse at both the family and genus level when dilution was infrequent (1 dilution per day).

Figure 5. Relative abundance of microorganisms determined at different taxonomic levels.
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3.4 Sample classification using machine learning
Samples were classified using the Qiime2 command sample-classifier classify-samples.
A random forest classifier with 20 estimators and 123 random states was used. The model predicted
frequency with 84.6 % accuracy (Figure 6 A), and mean dilution rate with 53.8 % accuracy (Figure
6 B). A feature importance heatmap was generated using the top 30 features (Figure 6 C and D).
One microorganism that appeared to be influential to predictive models of both frequency and
dilution rate was Elizabethkingia Meningoseptica, a soil-derived, gram negative bacteria that can
cause nosocomial infections [17].

Figure 6. Classification of microbial community using Random Forest. Confusion matrix for
classification by frequency of dilution (A). Confusion matrix for classification by mean dilution rate
(B). Feature importance heatmap for classification by frequency of dilution (C). Feature importance
heatmap for classification by mean dilution rate (D).
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3.5 ANCOM
As a follow up analysis, samples that were grown with 600 dilutions per day were selected for Anal-
ysis of Composition of Microbiomes (ANCOM) using Qiime commands composition ancom.
Since these samples displayed significant differences in alpha diversity across the range of mean
dilution rates that were studied, it was desired to identify any differentially abundant taxa between
these samples. Two ASVs had a sufficiently high W-statistic to reject the null hypothesis and be
recognized by ANCOM as differentially abundant. These two ASVs are shown as red squares in
Figure 7 and their taxonomy is shown in Table 4. Intriguingly, both ASVs belonged to the same
taxonomic group to the genus level (Chromobacterium) and both were unclassified at the species
level.

Figure 7. ANCOM plot showing that two ASVs had much higher leverage than the others.

Table 4. Taxnonomic identity of two ASVs that were differentially abundant among samples di-
luted at a frequency of 600 day−1:

Taxa ANCOM F ANCOM W

Bacteria-Proteobacteria-Betaproteobacteria
Neisseriales-Neisseriaceae-Chromobacterium

180.2 36

Bacteria-Proteobacteria-Betaproteobacteria
Neisseriales-Neisseriaceae-Chromobacterium

177.0 32

3.6 LEfSe
Another analysis of differentially abundant taxa was carried out using LEfSe (Linear discriminant
analysis Effect Size) [18]. Considering all samples simultaneously (across all ranges of mean dilution
rate and frequency) no significant differentially abundant taxa were identified. However, the effect
of dilution rate and frequency on alpha diversity was found to be nonlinear and likely contained a
significant interaction between the main effects. Therefore, a follow up analysis was carried out by
selecting only samples at extreme values of dilution rate or frequency, and then considering each
analysis separately. For the first case, dilution was set as the main class with frequency as the sub-
class, and samples wither either dilution rates of 0.1 hr−1 or 0.4 hr−1 but with all four frequency
values still represented were analyzed (Figure 7 A and C). For the second case, frequency was set
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as the main class with dilution as the subclass, and samples wither either frequencies of 1 day−1

or 600 day−1 but with all four dilution values still represented were analyzed (Figure 7 B and D).
In both cases, the alpha value for factorial Kruskal-Wallis tests among classes and the alpha value
for pairwise Wilcoxon test between subclasses were set to 0.05, with a threshold for the logarithmic
LDA score for discriminative features set to 2.0 and the comparison strategy set to "all against all."

Figure 7. Results from LEfSe. Cladogram showing differentially abundant taxa between samples
at the extremes of dilution rate (0.1 hr−1 vs 0.4 hr−1 (A). Cladogram showing differentially abun-
dant taxa between samples at the extremes of dilution frequency (1 day−1 vs 600 day−1 (B). Bar
plot showing taxa that significantly differed in the samples at extremes of dilution rate (C) and
frequency (D).

3.7 Cooccurence
Cooccurence analysis was carried out by filtering out sparse taxa, which were defined as those hav-
ing total abundance below 500 and average abundance < 2 across all samples, in agreement with
previous researchers [19]. Co-correlated taxa with rho > 0.75 were included in the network, which
was visualized using Cytoscape (Figure 8).
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Figure 8. Cooccurrence network generated using all taxa across all samples with correlation
rho > 0.75.

4 Mathematical model of the microbial community

4.1 Modeling overview
Mathematical modeling was used to determine whether the U-shaped diversity-disturbance rela-
tionship observed in experiments would result from simulation of microbial growth under varying
mean dilution rates and dilution frequencies chosen to match the values used in the experiments. A
Monod consumer resource model [14] was chosen as it is capable of predicting the growth of multiple
species of microorganisms in a system with several resources, where each species can have a unique
growth rate on each resource. The Monod model assumes that the growth rates of a microorganism
can be represented by the sum of its specific growth rate on each resource in the system, and allows
for growth rates to saturate at high resource concentrations. The Monod model couples microbial
populations to resource concentrations, allowing the concentration of resources to change as they
are depleted by microorganisms.

The inputs to the Monod model consist of an initial value for the relative abundance of different
species of microorganisms in the system, the initial concentration of each resource, the specific
growth rate of each microorganism on each resource, and the Monod constant for each microorgan-
ism with respect to each resource. The outputs of the Monod model were the relative abundance
of each species of microorganism in the system, from which Shannon diversity could be calculated,
and the concentration of each resource in the system at each timepoint.

The hypothesis was that the U-shaped diversity-disturbance relationship would result from simula-
tion of multiple microorganisms growing in a system with multiple resources, demonstrating that
Monod-style growth kinetics are sufficient to predict such an effect, even in a complex microbial
community.

Since the specific growth rates and Monod constants for all the microorganisms in the community
that was studied experimentally were not known, they were randomly generated according to dis-
tributions that would cast them into ranges similar to those determined in previous experiments [1].
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This introduced a limitation of the model, which is that it cannot predict the absolute abundance
of any particular microorganism or resource.

In essence, the model did not incorporate biological data from any microorganism, but instead
described how the interactions between multiple (theoretical) microorganisms growing in a system
with multiple resources could be influenced by different mean dilution rates and dilution frequen-
cies. If the model were to recapitulate the U-shaped diversity-disturbance relationship observed in
experiments, it could enable researchers to make testable predictions about such relationships in
other systems, for example between forest fire intensity and frequency on the diversity of forests, or
the effect of antibiotic severity and dose regime on the diversity of gut microbiomes.

4.2 Model definition
The basic form of the Monod model [14] defines the specific growth rate of a microorganism, µ as a
function of its maximum growth rate on a particular resource r, the concentration of the resource
in the microorganism’s environment, c, and the Monod constant, K, which gives the concentration
of the resource at which the microorganisms growth rate is one-half of its maximum value:

µ =
rc

K + c

The specific growth rate, µ, is defined as the rate of change in population of the microorganism
dN/dt, relative to the total number of cells, N :

µ =
1

N

dN

dt

The model can be extended to consider the growth of the microorganism when multiple resources
are available by defining the overall growth rate of the microorganism as the sum of its specific
growth rates on each resource. In this case, the resource concentration, c, becomes a vector with
the number of entries equal to the number of resources: cj = [c resource 1, c resource 2, ..., c resource J ].
Substituting the definitions of the resource concentration vector, cj and the specific growth rate, µ,
the model becomes:

1

N

dN

dt
=

J∑
j=1

rjcj
Kj + cj

Multiple species of microorganisms can be considered by replacing the species abundance, N , with
a vector giving the abundance of each species: Ni = [N species 1, N species 2, ..., N species I ]. Making this
substitution, the model for microbial growth is obtained:

1

Ni

dNi

dt
=

J∑
j=1

rijcj
Kij + cj

Where:
Ni = Abundance of species i divided by its carrying capacity
dNi

dt
= Rate of change of species i with respect to time

rij = Growth rate of species i on resource j
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ci = Concentration of resource j in the system
Kij = Monod constant for species i on resource j
J = Total number of resources in the system

Next, the model was modified to include a dilution term (δ):

1

Ni

dNi

dt
=

7∑
j=1

rijcj
Kij + cj

− δ

The dilution term in the model was calculated by dividing the mean dilution rate, D, (in units of
% total volume per hour) over equally spaced 15 minute intervals at the relevant frequency (f ):

δ =
1

1/4hr

D(1/hr)

f(1/24hr)
= 96

D

f

Where:
δ = Dilution rate per 15 minutes (% volume per 1/4 hour)
D = Dilution rate per hour (% volume per hour)
f = Frequency of dilution (dilutions per day)

The rate of change of the concentrations of each resource in the system was calculated by subtracting
the rate at which it was depleted by microorganisms (consumption rate) as well as the rate at which
it was replenished by fresh media during dilutions (replenish rate):

dcj
dt

= replenish− consumption

dcj
dt

= δ(cj0 − cj)−
10∑
i=1

Nirijcj
Kij + cj

Where:
dcj
dt

= Rate of change of resource j with respect to time
δ = Dilution rate per 15 minutes (% volume per 1/4 hour)
cj0 = concentration of resource j in the fresh media used for diluting
ci = Concentration of resource j in the system
Ni = Abundance of species i divided by its carrying capacity
rij = Growth rate of species i on resource j
Kij = Monod constant for species i on resource j

The final model consisted of two coupled, linear, ordinary differential equations which were solved
simultaneously. The first governed the population abundances of different species of microorganisms
in the system and the second governed the concentrations of resources in the system:

1

Ni

dNi

dt
=

7∑
j=1

rijcj
Kij + cj

− 96
D

f

dcj
dt

= 96
D

f
(cj0 − cj)−

10∑
i=1

Nirijcj
Kij + cj
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The output of the model consists of a vector giving the predicted relative abundances of the different
species of bacteria (Ni) as well as a vector of the concentrations of resources in the system (cj) at
15 minute intervals from zero to six days after inoculation. At day 6, the simulation was stopped
and Shannon diversity was calculated using:

S =
10∑
i=1

−ρiln(ρi)

Where:
S = Shannon diversity
ρi = relative abundance of each species = Ni/

∑10
i=1 Ni

Only species representing at least 0.01% of the total community (ρi > 0.0001) were included in the
calculation.

4.3 Parameter values
The simulation was limited to 10 species. The species abundance vector was thus: Ni = [N1, N2, ..., N10],
where N1 is the abundance of species 1 divided by its carrying capacity. All carrying capacities
were set to one, therefore Ni ∈ [0, 1]. The initial values (at time zero) Ni all species were set to 1.

The simulation was limited to 7 resources, giving a resource concentration vector of: cj = [c1, c2, ..., c10],
where c1 is the concentration of resource 1. The initial values (at time zero) of each resource were
set to 1, except for c1, which was arbitrarily set to 1.2.

The mean dilution rates, D(1/hr), were chosen to match the range of values used in the experiment:
D = [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0, 1.1, 1.2]. Dilution frequencies, f(1/day), were also
chosen to cover the range studied experimentally: f = [1, 2, 4, 8, 16, 32, 64]. For example, D = 0.1
and f = 16 indicates that the average dilution rate was 10% of the total system volume per hour,
and the dilution was carried out 16 times each day, meaning that each dilution event replaced 15%
of the system with fresh media.

The maximum growth rates matrix, rij was generated in two steps. First, each entry was determined
by randomly sampling from a normal distribution with mean of 1 and standard deviation of 0.1,
and then normalized by dividing each entry rij, representing the maximal growth rate of species
i on resource j, by the sum of the same species’ growth rate on all resources (

∑7
j=1 rij). In other

words, each value was first sampled from the normal distribution and then divided by the sum of
all values in its row. An example growth rate matrix is:
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rij =



0.1534 0.1259 0.1554 0.1585 0.1441 0.1330 0.1297
0.1635 0.1801 0.1215 0.1223 0.1348 0.1392 0.1386
0.1142 0.1583 0.1581 0.1318 0.1523 0.1296 0.1557
0.1510 0.1382 0.1617 0.1278 0.1434 0.1236 0.1543
0.1490 0.1547 0.1515 0.1019 0.1319 0.1443 0.1667
0.1198 0.1350 0.1521 0.1577 0.1374 0.1590 0.1390
0.1405 0.1451 0.1576 0.1517 0.1445 0.1356 0.1250
0.1456 0.1618 0.1365 0.1302 0.1496 0.1460 0.1303
0.1776 0.1492 0.1346 0.1487 0.1451 0.1278 0.1169
0.1674 0.1497 0.1208 0.1087 0.1457 0.1458 0.1619


The Monod constant matrix, Kij gives the concentration of resource j at which species i achieves
half of its maximal growth rate on that resource. This matrix was generated by randomly sampling
from a uniform distribution with lower bound 0.001 and upper bound 0.01. An example Monod
constant matrix is:

Kij =



0.0033 0.0085 0.0015 0.0081 0.0018 0.0097 0.0092
0.0083 0.0063 0.0058 0.0038 0.0031 0.0010 0.0026
0.0032 0.0059 0.0080 0.0058 0.0092 0.0080 0.0034
0.0094 0.0093 0.0094 0.0025 0.0024 0.0084 0.0023
0.0041 0.0036 0.0022 0.0064 0.0084 0.0088 0.0022
0.0028 0.0078 0.0061 0.0034 0.0058 0.0018 0.0088
0.0033 0.0078 0.0052 0.0069 0.0100 0.0046 0.0062
0.0065 0.0044 0.0011 0.0072 0.0017 0.0033 0.0059
0.0053 0.0061 0.0040 0.0077 0.0050 0.0082 0.0023
0.0042 0.0017 0.0025 0.0051 0.0020 0.0049 0.0087


4.4 Solution method
For each simulation, one growth rate matrix rij and one Monod constant matrix Kij, both constant
with respect to time, were generated as previously described. Mean dilution rate, D, and frequency
of dilution, f , were selected and held constant throughout the simulation. The species abundance
vector Ni and resource concentration vector cj were determined at 15 minute intervals for a six day
period by solving the equations in the box. At the end of the simulation, the species abundance
vector was used to determine Shannon diversity as previously described. For each combination of
factor levels (mean dilution rate and frequency) 100 simulations were run, each with a new, ran-
domly generated growth rate matrix and Monod constant matrix. The Shannon diversity on day 6
for all 100 simulations were averaged to determine the overall estimate of Shannon diversity of the
community under the mean dilution rate and frequency values that were used.

The model was solved numerically using Python (version 3.11.0) in Jupyter Lab (version 3.5.1) with
scipy (version 1.9.3). Integration was carried out using the function solve_ivp with the explicit
Runge-Kutta method of order 2 (method=RK45). Total solution time for 100 simulations of 6 days
of microbial growth at all combinations of mean dilution rate and frequency was approximately 2
hr on a desktop computer (64 GB RAM, Intel i7-8700k CPU @ 3.7 GHz).
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4.5 Model results
Results from the model were the Shannon diversity and number of observed features (species)
at each combination of mean dilution rate and frequency (Figure 9). The unexpected U-shaped
diversity disturbance relationship observed from experiments was predicted, suggesting that the
consumer resource model with Monod growth kinetics can describe such an effect even when the
model was parameterized without specific biological data for any particular microorganism.

At high mean dilution rates and low frequencies (ex. dilution = 0.8 hr−1 and frequency = 1 day−1)
the Shannon diversity and number of species dropped rapidly to zero, indicating that extinction was
predicted under these conditions. Such extreme values of dilution were not studied experimentally,
however, under these conditions the system would be diluted once per day with a total volume of
192% of the bioreactor’s volume in a single 15-minute time step, so it is reasonable that under these
conditions no microorganism could withstand the dilution pressure. From the model results, it can
be observed that a system diluted once per day would be predicted to become extinct if the mean
dilution rate exceeds approximately 0.8 hr−1, whereas a system diluted twice per day would only
be driven to extinction if the mean dilution rate exceeded approximately 1.2 hr−1, highlighting the
strong impact of disturbance frequency on the diversity of the system.

5 Discussion
Results from this study showed that a U-shaped diversity disturbance relationship resulted from
analysis of a soil-derived bacterial community grown under varying conditions of mean dilution rate
and dilution frequency.

This relationship was present in all metrics of alpha diversity (Figure 1) but only for frequent dilu-
tions. When dilution was infrequent (ex. 1 dilution per day) diversity was maintained across a wide
range of mean dilution rates. Although the U-shaped relationship identified in this study is con-
trary to the prediction of the intermediate disturbance hypothesis [3], the preservation of diversity
under low-frequency disturbance is consistent with previously proposed idea that such disturbances
could lead to two quasi-steady states in the system, similar to temporal niches or seasonal effects
[6, 7]. Overall, results from alpha diversity analysis suggests that the frequency of an environmental
disturbance should be considered in addition to its intensity (here defined as the mean mortality
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introduced by the disturbance).

Beta diversity analysis (Figure 4) showed that samples were well clustered by their frequency of di-
lution, and somewhat well clustered by their mean dilution rate, although both factors significantly
influenced all four metrics of beta diversity that were calculated. This supports findings from alpha
diversity analysis and suggests that disturbance frequency could be an even more influential feature
of an ecosystem on its diversity than the disturbance intensity.

Taxonomic composition of samples (Figure 5) further demonstrated loss of diversity in samples that
were diluted at high frequency. This analysis showed that the loss of diversity could be attributed
to loss of bacteroidetes and increased dominance of proteobacteria. This may have implications for
design of microbiomes, as proteobacteria have been found to be abundant in dysbiotic gut micro-
biomes and are associated with inflammation [20].

Samples were successfully classified using a machine learning model (random forest), although the
accuracy was greater for prediction of dilution frequency (84.6 % accuracy) than mean dilution rate
(53.8 % accuracy), again supporting that the frequency of an environmental disturbance may be a
more salient feature than the disturbance intensity.

ANCOM and LEfSe were used to identify differentially abundant taxa in the samples, with the find-
ing that bacteroidetes were lost during experiments with frequent dilution, in agreement with the
taxonomic compositional analysis. Springobacteria were found to exhibit similar abundance patters.

The mathematical model implemented in this work was capable of predicting the effect observed
during experiments, despite relatively poor parameterization to the system that was studied. This
analysis demonstrated that a linear consumer resource model can successfully predict diversity
even in a complex microbial ecosystem subjected to disturbances. This holds promise for forward
engineering of microbiomes, for example, by predicting the relative abundance of different species
of microorganisms based on their preference for different substrates in the system, an idea that has
been proposed to apply to the gut microbiome [21].

6 Limitations and future work
Only one, soil-derived microbial community was studied, pointing to the need for future research to
determine whether the effects observed in this study are common to other microbial or larger scale
ecosystems.

The model implemented in this study was set up to consider the presence of different growth rates
and Monod constants for the microorganisms that were simulated, but did not simulate the growth
of any particular microorganism. This points to the need for future research to determine whether
the specific microorganisms predicted to thrive by the model are actually the ones that thrive in
the community that is simulated. For example, if microorganisms that have high growth rate on
a substrate that is abundant in the environment are predicted to dominate, experimental results
should test the same hypothesis and be compared to model predictions.
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7 Conclusions
In this study, an unexpected U-shaped relationship between diversity of a soil-derived microbial
community and mean dilution rate was observed, but the U-shape was removed when the dilution
was applied infrequently. Results highlighted the influence of the frequency of an environmental
disturbance (not only its intensity) on the diversity of a system which is subjected to it. This
relationship was demonstrated by a Monod consumer resource model, suggesting that canonical
bacterial growth kinetics are sufficient to predict such an effect. Furthermore, the relative agreement
between the mathematical model and experimental results suggests that consumer resource models
could be used to make testable predictions in other contexts, potentially allowing future researchers
to predict the effect of disturbances or variable resource concentrations on the relative abundance
of species in different environments such as the gut. Results may also have implications for the
loss of biodiversity due to global climate change, which could affect ecosystems by modulating the
intensity and frequency of disturbances such as storms or droughts.
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