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There is increasing interest in artificially selecting or breeding
microbial communities, but experiments have reported mod-
est success and it remains unclear how to best design such a
selection experiment. Here, we develop computational models
to simulate two previously known selection methods and com-
pare them to a new ‘‘disassembly”” method that we have devel-
oped. Our method relies on repeatedly competing different com-
munities of known species combinations against one another,
and sometimes changing the species combinations. Our ap-
proach significantly outperformed previous methods that could
not maintain enough between-community diversity for selection
to act on. Instead, the disassembly method allowed many species
combinations to be explored throughout a single selection ex-
periment. Nevertheless, selection at the community level in our
simulations did not counteract selection at the individual level.
Species in our model can mutate, and we found that they evolved
to invest less into community function and more into growth.
Increased growth compensated for reduced investment, how-
ever, and overall community performance was barely affected
by within-species evolution. Our work provides important in-
sights that will help design community selection experiments.

Correspondence: sara.mitri@unil.ch

Introduction

Humans have been breeding plants and animals for centuries
by allowing individuals with the most desirable traits to se-
lectively produce offspring. Also known as “artificial selec-
tion” or “directed evolution”, breeding has altered traits such
as the size of fruits or the enzymatic activity of proteins used
in biotechnology (1). More recently, we have started to ap-
preciate that microbes — often multi-species communities of
microbes — play an important role for health and the envi-
ronment. One way to improve or optimize the functions and
services that these microbes provide is to select for their traits
in the same way as traditional breeding.

However, breeding microbial communities is less straightfor-
ward than individual organisms (2, 3), mainly because the
breeder selects whole groups of organisms rather than indi-
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vidual plants, animals or proteins. According to evolutionary
theory, group-level selection suffers from reduced heritabil-
ity, one of the main requirements for evolution by natural se-
lection (4). The problem arises when a single community-
level “generation”, which we will call a “round of selec-
tion” to avoid confusion, can comprise several generations
of cells, each belonging to different genotypes (i.e. species
and strains), (Fig. 1A). Since the genotypes all reproduce at
varying rates, their relative abundances can change during
one round of community growth and over subsequent rounds.
Because community traits depend on the traits of all of its ge-
netically distinct constituent members and their proportions,
an “offspring” community may not resemble its “parent” (4—
6). Another issue with group-level selection is that within-
and between-species selection continue to operate within a
round. If there are trade-offs between growth and contribu-
tion to the community trait, cheaters that contribute less can
emerge and sweep to fixation (2, 7). A third challenge is to
find a good constellation of different community members
and their proportions that can best achieve the desired func-
tion. Generating different constellations of member species
at each round of selection is also important to have enough
variability for selection to act on (4). The major challenges
for community-level selection then, are (i) ensuring that com-
munity functions are heritable, (ii) that within-community
selection does not dominate over between-community selec-
tion, and (iii) ensuring variability, that communities differ in

phenotype.

In the earliest community breeding experiments, Swenson et
al. selected microbial communities to yield plants with high
and low biomass and to control pH (8). In two out of three
experiments, the communities selected for high vs. low func-
tion differed significantly from each other, but were not sig-
nificantly different from the starting communities. The re-
sults were also noisy and inconsistent across experimental
systems (8, 9). Many attempts have been made since, aim-
ing to optimize several microbial community traits, includ-
bioRxiv | 1-34
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ing increased microbial biomass production (10), the stim- 12
ulation of various plant properties (10—15), chitin degrada- 124
tion (16), the stimulation of fruit fly development (17), to re- 12
duce wastewater CO2 emissions (18), and to hydrolyze starch 125
(19). Some of these studies have managed to significantly im- 127
prove the average community function over several rounds 1z
of selection, but sometimes only as an effect of time with- 12
out any significant differences between selection treatments 1z
(8, 16, 17). Overall, community breeding experiments have s
shown mixed success (3, 20), but computer simulations have 1z
provided some clues on how to improve them (5, 6, 21-23). 13
All previous experiments have followed one of two methods e
to propagate the communities with the highest scores to the 135
next round: in the “propagule” selection method (PS), a frac- 1
tion of the cells in the highest-scoring communities are se- 187
lected and transferred by dilution (Fig. 1B), while in “mi- e
grant pool” selection (MS), all populations of the selected s
communities are mixed in a pool before they are diluted in o
equal proportions to the new tubes (Fig. 1C). While both
selection methods have achieved some success, they suffer 142
from a rapid decrease in between-community variability (24), 14
such that selection has little to act on. Intuitively, the loss of

variability arises firstly because only a fraction of commu- 4
nity members are selected and replicated for the next round. |,
Second, species composition can only change through loss
of members when the communities are diluted, meaning that
the communities evaluated throughout the whole experiment .
can only be sub-communities of the initial ones. Given that
finding the right species composition is one of the goals of
community-level selection, this suggests that we need novel |
selection methods that can better explore the search space of |,
species combinations (23). 153
In this manuscript, we propose a new selection method that 5,
we call “disassembly selection” (DS), that is designed to s
maintain heritability as well as between-community variabil- ;5
ity. After each round, we disassemble the selected commu- 5,
nities by isolating the constituent species before recombin- ;5
ing them into new communities for the next round of growth 5,
(Fig. 1D). We construct two computational models of mi- 4,
crobes in a well-mixed liquid culture, one individual-based
and one based on differential equations, to systematically g,
compare our new approach to the classical propagule selec-
tion (PS) and migrant pool selection (MS) methods. 164
Inspired by a four-species community that degrades an in- s
dustrial pollutant (25), we aim to select for microbial com- s
munities with improved degradation capabilities. Based on 1
this experimental system, the microbes in our models face a 1es
dilemma: whether to invest consumed nutrients into growth 1

2 | bioRxiv

or into degradation of toxic compounds that would otherwise
cause cell death. The populations evolve by random muta-
tions to this relative investment. We evaluate the selection
methods by comparing how the degradation scores change
over several rounds of growth and selection starting from the
same initial communities. We simulate community selection
in both models separately, to test whether our results depend
on the choice of model framework.

Our results confirm our intuition that propagule and migrant
pool selection do not maintain enough variability to explore
many different species combinations, which means that the
communities can only improve by mutation. In contrast,
our new disassembly approach maintains variability between
communities, allowing it to find some of the best possible
species combinations. Nevertheless, disassembly selection
still suffers from an important problem in group selection:
competition within species leads to the dominance of strains
that invest less into the function and more into growth. Our
work thereby suggests a new method to find species com-
binations whose community function is high, but in which
between-individual competition may be inevitable.

Results

Simulating community-level selection. In either model
(see Methods for details), each species is described by its
growth and uptake rates for each of 4 available nutrients, and
its death and degradation rates for each of 10 toxic com-
pounds. We assume that interactions between cells occur
only via nutrients and toxic compounds, as cells of type @
invest a fraction f;; into degradation of the toxic compounds
and the rest into growth. Cells of the same species differen-
tiate by accumulating “mutations” as they grow and divide,
that alter the total investment f;. = >~ fir. All other species
properties remain unchanged throughout the simulations.

The simulations start with 21 communities of 4 species each,
chosen at random with replacement from a set of 15 initial
species, that are described by randomly drawn model param-
eters. The 21 communities are grown in simulated batch
cultures containing defined initial concentrations of nutri-
ents and toxic compounds for a fixed number of time-steps
(Fig. 1F). At the end of each round, the 21 communities are
scored based on degradation of the ten toxic compounds. The
best 7 communities are then selected and propagated to the
next round, depending on the selection method: communities
are diluted in propagule and migrant pool, whereas they are
re-inoculated to a defined population size with equal propor-
tions in the disassembly method (Fig. 1B-D). In disassem-
bly, communities are penalized by species extinctions, and

Vessman etal. | Artificially selecting microbial communities
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Fig. 1. (A) Overall method for artificial selection of microbial communities. Communities are illustrated as test tubes with bacterial “species” in different colors (white represents

empty “space”). The concentration of toxic compounds is shown in shades of gray in the upper part of each tube (darker is more toxic). The inoculated communities (1) grow

until the measurement (2) of toxic compound concentration, from which we (3) calculate a score for each community. (4) The highest-scoring communities are selected for

propagation into offspring communities and the process is repeated. (B) Propagule: each selected community from the previous round is diluted to form the same number of
communities for the next round. (C) Migrant pool: selected communities are merged before dilution. (D) Disassembly: Microbes are (1) isolated from the chosen communities

and (2) saved in a repository (dotted rectangle). Each selected community contributes offspring communities in proportion to their degradation score (3). A fraction of the new

communities receive new species (red arrows) or lose members from the previous round (asterisk in color of removed species). (E) No-selection control: each community is

diluted into a new tube. Propagule, migrant pool and disassembly have selection treatments (PS, MS and DS) and random treatments (PR, MR and DR), where community

scores are ignored (see Methods). (F) A “species set” consists of 15 randomly generated species. From this set, we draw 21 initial communities of 4 randomly chosen species

each and for each of five species sets, simulate 10 repeats from different initial communities over 50 rounds of selection under each of the propagation methods (B-E).

communities are randomly chosen to receive or lose species 19
(Fig. 1D). We compare each method to a corresponding ran- 1ss
dom control line (e.g. random propagule: PR) where 7 com- 1s
munities are chosen at random instead of according to their 1s7
score, and to a no-selection control (NS) where every com- s
munity is diluted without selection (Fig. 1E). This last control 1ss
forms a baseline for how communities change due to species 200
interactions (23, 26). To achieve statistical power, 5 species 2o
sets were generated, each with a new set of 15 species. From 2
each species set, we then sampled the 21 communities 10 20
times to run 10 replicate simulations, which were all sub- 20
jected to 50 rounds of selection. The same initial conditions zos
were used for the different selection methods to allow for a 20
fair comparison (Fig. 1F). 207

208

Disassembly finds communities whose degradation ”
ranks in the top percentile of all possible communi- w
ties. All simulated selection methods succeeded in improv-

ing the median degradation score across the 21 communities 11
between round O and 50 (Fig. S1), which is consistent with 21
previous work (3, 23). However, DS was the only propa- 2:s
gation method to significantly and consistently improve the 214
maximum degradation score, meaning that on average, the 21
best community in round 50 degraded significantly better 21
than the best community in round 0 (one-sided Wilcoxon 217
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signed rank-test n = 50, 10 repeated runs of 5 species sets,
p< 10~? for both IBM and ODE, Fig. 2A, C). The increase
in maximum score in DS (0.22 4+ 0.06, 0.14 £+ 0.08 for IBM,
ODE), was also significantly different from the classical se-
lection methods (—0.03 +0.06 and —0.12 £ 0.09 for PS and
MS in the IBM, and —0.1 +0.08 for PS in the ODE), from
its own random control (DR), and from NS (all two-sided
Wilcoxon tests of diff. in max. degradation between DS
and other methods, n = 50, p < 10~?, for IBM and ODE).
For comparison, we computed the degradation scores of all
215 1 = 32767 possible communities consisting of 1 up to
15 species for each species set and sorted them from best to
worst. The communities found by DS ranked among the best
few hundred in both our models, finding the very best com-
munity out of 32767 (Fig. 2D, F) in 17 out of 50 runs in the
IBM and 23 out of 50 in the ODE. We next investigate what
distinguishes these high-ranking communities.

Communities selected by disassembly invest more
into degradation and are composed of diverse species
with complementary phenotypes. In our model, com-
munity performance depends on (a) the overall investment
into degradation of toxic compounds relative to growth, and
(b) how well community members complement each other.
Community members will compete less if they take up dif-
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Fig. 2. Degradation scores and ranking of selected communities. Panels A, B, E, F with lighter background show results from the IBM, while panels C, D, G, H with darker

background show results from the ODE model. Asterisks show the significance of a Wilcoxon signed-rank test for difference in degradation between methods (*: p < 1072,
**:p <1078, ** p < 1072). (A-D) The difference in maximum degradation score between round 50 and round 0 over the 21 communities is shown as one dot for each of

10 repeated runs, colored by species set, with 50 dots in total. As each run starts from identical communities for all methods, we have compared pairs of runs between the

selection methods. (E-H) The rank of the predominant community (the most common

combination of species among the 21 communities in the last round of selection, not

counting sub-communities) in terms of its degradation score compared to all of the 32767 possible combinations of 1, 2, ..., 15 ancestral species. As above, each of the 50

dots marks 1 out of 10 repeated runs of 1 out of 5 sets of species.

ferent nutrients while the degradation score of a community 237
can increase if its members specialize on degrading different 2s
toxic compounds (Eq. 1). 239

240
To understand how these two properties changed over time,

we first quantified the “total investment”, i.e. the fraction *"
2116021 fir. < 1 of resources invested into degradation of all ***
toxic compounds %, averaged over the species in each com- **
munity. Starting from an average investment of 0.5, DS **
finds communities that invest significantly more resources **
into degradation at round 50 than in the first round (one-sided **°
Wilcoxon test of average total investment, all p < 1079, n =27
50 for both IBM and ODE, Fig. 3A, C). This is not due to any **
single species with unusually high degradation capabilities, >
but rather because DS finds a combination of species with **°
high investment. The average within-community species di- **'
versity increases over the 50 rounds (Fig. 3E), which means **
that the communities consist of an increasing number of **
species and/or that the communities are increasingly even. zs
Accordingly, in DS, the effective number of consumed nu- 2

4 | bioRxiv

trients and toxic compounds increases over the 50 rounds
(Fig. 3F). This increase in coverage and community diversity
was not observed for the other selection methods (Fig. 3E,
Fig. S2).

Given the complementarity in nutrient uptake and toxic com-
pound degradation, one might expect species to grow and de-
grade better together compared to when they are alone, as
they may be facilitated by other species that degrade com-
pounds that they themselves cannot. We use “synergy” to
quantify whether a community property (e.g. degradation) is
greater than that of its member species together (Fig. 3G).
Against a baseline of all possible species combinations for
a given community size — richness in our models increases
niche overlap and competition for resources, which decreases
synergy — communities selected by DS have significantly
higher synergy, for both degradation and cumulative biomass
(Kruskal-Wallis H test, p < 1079 in either case, Fig. 3G).

In sum, communities selected by DS invest more into degra-
dation compared to communities from other methods. These

Vessman etal. | Artificially selecting microbial communities
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communities are diverse in composition, consist of species o
with minimal niche overlap, and cover the toxic compounds o
evenly (Fig. 3F). 305

Disassembly can explore more species combinations ::
by diversifying the selected communities. Seeing that e
communities selected by DS are diverse and efficient de- o
graders, we now investigate how the method finds these com- "o
munities. First, DS explores more species combinations than »
the other methods (Fig. 4A, B, Fig. S3). The classical propag- e
ule method (PS) can only find sub-communities of the species s
combinations present in round 0. Similarly, while migrant

pool (MS) is in principle able to search all sub-communities

of the first set of selected communities, they are in practice o
limited to a smaller subset as species tend to go extinct due 315
to the toxic compounds, inter-species competition and/or the e
dilution bottleneck at each round. Accordingly, most com- o
munities available for selection by PS or MS resemble one o
another, seen as a rapid drop in between-community (or beta) e
diversity (Fig. 4C, D, Fig. S4). In contrast, changing the 0
species composition of some selected communities by insert- *
ing or removing species at random, DS can search a larger #
number of communities and the resulting drop in beta diver- *
sity is not as steep. The beta diversity of the no-selection z:

control depends on the diversity of the initial communities.
326

Propagule selection —but not migrant pool— per-2’
forms better by periodically adding species to se-:
lected communities. In the disassembly method, more and s
better communities can be found by randomly adding and sz
removing species in some of the communities. To explore st
whether species introduction could improve PS and MS in s:2
our models (previously shown for PS (23)), we implemented sss
two new versions (PIS and MIS), where in each round, ass¢
fixed number of communities chosen at random will re-ss
ceive one or more “invader” species (also chosen at ran- ss
dom) with a defined initial population size. With this modi- ss7
fication, PIS increases the maximum degradation (one-sided s
Wilcoxon signed-rank test of degradation scores in round 50 sse
versus 0, p < 1073, n = 50, Fig. 2B) and improves upon s
the standard PS method (two-sided Wilcoxon signed-rank s+
test, p < 1079, n = 50) in the IBM. The results are how- s«
ever model-dependent. While the PIS method still improved a4
upon the PS method in the ODE model (two-sided Wilcoxon 44
signed-rank test, p < 1073, n = 50), we did not find any s
significant improvements in the maximum degradation score s
compared to round 0 (p = 0.9, n = 50, Fig. 2D). Further, s+
PIS finds higher-ranking communities than PS in both the as
IBM (two-sided Wilcoxon signed-rank test for differences in ass

Vessman etal. | Artificially selecting microbial communities

ranks between PIS and PS, p < 1076, n = 50, Fig. 2F) and
the ODE model (p < 1073, n = 50, Fig. 2H) over the 50
rounds. PIS can explore more combinations than the regular
PS, and the initial drop in beta diversity is less severe in both
models (Fig. 4A-D), indicating that there is more variability
for selection to act on. In contrast, MIS does not improve
significantly on MS, either in terms of degradation, ranks or
investment. Even though MIS explores more species combi-
nations than MS, the beta diversity rapidly drops (Fig. 4C),
and the introduced species do not contribute much to diver-
sity or degradation of the resulting communities.

Mutation and selection can decrease per-species in-
vestment, but this increases biomass, maintaining
community degradation. We have shown that DS can im-
prove degradation by exploring many different species com-
binations and find ones that rank highly. Shuffling species
around is, however, not the only way to improve degradation
scores. Our models allow for mutations to the parameter f;
that determines the trade-off between investment into degra-
dation and biomass production for a cell. If a mutant is more
competitive than its parent, it can replace the original type in
future rounds, even as other species come and go around it.
To investigate the effect of mutations, we now compare the
investment into degradation of species at round 50 to that of
their ancestors from round 0, and analyze how these changes
affect degradation at the community level.

In DS, the total per-species investment Ei()zl fik into degra-
dation was significantly lower after 50 rounds of selection
than that of the corresponding ancestral species (one-sided
Wilcoxon signed-rank test of total investment in initial vs fi-
nal round of selection, p < 1076, n = 50, Fig. 5A, Fig. S5).
Given the trade-off between investing into growth versus
degradation, the communities made up of evolved species
had greater total biomass than communities composed of the
corresponding ancestral species (one-sided Wilcoxon signed-
rank test of total AUC in communities, initial vs final round,
p< 109, n =50, Fig. 5B), such that overall, the degradation
of the evolved communities was marginally but significantly
higher (+6 x 10~3 units, averaged over all species sets, one-
sided Wilcoxon signed-rank test p < 1073, n= 50) than that
of communities made up of their ancestors (Fig. 5C, Fig. S6).
Compared to the improvement in degradation due to finding
better species combinations, the improvement due to species
evolution is very small and is not likely to have a large effect
on the outcome of selection.

In summary, the disassembly method improved the degrada-
tion scores over the 50 rounds of selection by finding better
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the 5 species sets, with 50 dots in total. The asterisks indicate the results of a Wilcoxon signed-rank test with n = 50 (*: p < 1072, **: p < 1076, **: p < 1079). (E)
Within-community species diversity measured as the effective number of species Eq. (13), averaged over all 21 communities in a run. The line shows the average over the 10
repeats and the 5 sets of species, with error bars per set of species in Fig. S2. (F) The coverage of toxic compounds and nutrients in communities selected by DS, measured
as the effective number invested into (f;x) or taken up (n;;) respectively within a community (mean + s.d. over the 10 repeated runs for a given set of species), Table 1
(see Methods). Results from the IBM. (G) Synergy in communities selected by DS at round 50, grouped by community richness. Synergy is the difference in degradation
scores (left panel) or biomass (right) between a co-culture and the sum of the values of the corresponding monocultures. The violin plot shows the distribution of synergy for
each possible community of that richness level after one round of growth. The dots show the average synergy per repeated run in the last round for the 5 species sets. The
average species richness per repeated run is rounded to obtain an exact value. For visibility, we have plotted all species sets in the same color.
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Fig. 4. Cumulative number of communities found by the selection methods and between-community diversity explain how DS can find better communities. We show the
mean over the 10 repeats and 5 species sets for each propagation method and refer to Fig. S3-S4 for the full results. Results for the IBM and ODE model are shown against
a light or a dark background, respectively. (A, B) Time series of cumulative number of unique communities for each selection method. (C, D) Between-community or beta
diversity, calculated as the average Bray—Curtis distance of each pair of communities.
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species combinations. Within those communities, individual as7
species evolved to invest less into degradation and more into ass
biomass production. As an effect of the trade-off between ass
degradation and growth, the communities still maintain their 40
degradation capabilities and the most efficient communities o1
are the species combinations found in round 50, composed of s
either their ancestral or evolved genotypes. 403

404

Communities selected by DS are less stable than e
those selected by PS and MS. The disassembly method "

has features to ensure heritability and promote within- o

community diversity: we re-inoculate species in fixed and e

equal abundances, punish extinctions and re-inoculate ex- o

tinct species. Controlling the ecological dynamics so tightly o

means that if we were to simply transfer these communities »

without adjusting relative abundances and without selection, o

as in the no-selection treatment, they could drift towards a, .

different equilibrium with a lower degradation score. To as- e

sess the ecological stability of the selected communities, we s

transferred the communities from round 50 for an additional e

25 rounds of growth and dilution, this time without selec- .

tion (Fig. 6A) and found that the degradation scores of com-

418

munities selected by DS dropped by —0.21 +0.14 on aver-

419

age when left to their natural dynamics, close to how much -

the selection method increased the degradation (0.22 +0.06).

421

This indicates that the high performance of these commu- ”

nities relied on controlling the ecological dynamics. This -

means that the communities converge, once ecologically sta- »

ble, to a degradation score that is not significantly different to 4
the average of the initial communities (one-sided Wilcoxon .
signed-rank test, p = 0.24, n = 50, Fig. 2A, B). .
In contrast, the degradation does not drop as much in commu- ”
nities selected by the classical methods PS and MS (—0.02+
0.03 and —0.03 £0.03 in max degradation, respectively,
Fig. 6A). The methods are stable in the sense that the com-

munities do not change much after the first few rounds of

429

430

selection, either in terms of composition (Fig. 3E) or degra- **

dation (Fig. S7). The methods with invasion, PIS and MIS, “*
show an intermediate drop in degradation (—0.07 4-0.07 and **
—0.07 £ 0.04) indicating that the invasion step has an effect “*
on community stability. In order to remain effective, the com- **°
munities found by DS should be grown in the same condi- “*
tions as they were selected, i.e. (i) from equal abundance, (ii) *
without any intermediate rounds of growth in between rounds “*
of selection. The latter has been suggested to stabilize the dy- **

namics and improve the community selection (23). “o

441
Varying experimental parameters to decrease the size .-
of the experiment. Our model shows that DS can outper- s

Vessman etal. | Artificially selecting microbial communities

form other propagation methods, as long as the ecological
dynamics of the communities are controlled. However, DS
is more cumbersome than the other methods from an exper-
imental perspective: constantly dis- and re-assembling com-
munities and having to adjust the population sizes of each
species at every round could cost a lot of time and resources.
We now investigate how four experimental parameters im-
pact the degradation scores in DS, and affect experiment size.
We focus on DS but also compare it to the other methods
(Fig. 6B-E, Fig. S8-S11).

The parameter with the strongest effect on experiment size
and the maximum degradation score is the number of species
in the initial set (Spearman’s rank correlation coefficient
p =067 p< 1079, Fig. S9). This means that the meta-
community needs to be as rich as possible to efficiently im-
prove degradation, and the main effort should be invested
into managing a larger number of species, ideally by adding
species that have positive effects on degradation or the growth
of others. In contrast, the number of communities clearly
affects experiment size, but it had a weaker correlation to
degradation for DS (p = 0.35, p < 10~?), meaning that the
number of communities could be decreased, which would re-
duce effort with a limited effect on community performance.
Next, we turn to two parameters that affect the degradation
scores but not size of the experiment. The number of com-
munities receiving an invading species is negatively corre-
lated with degradation (p = —0.29, p < 10~7). Introducing
species to a smaller number of communities should improve
the final degradation score (Fig. S8). Finally, the dilution fac-
tor (i.e. how large a fraction of the culture to re-inoculate for
the next round of growth) is positively correlated to degrada-
tion scores (p = 0.52, p < 1079).

Discussion

The major challenges for community breeding are ensuring
(i) that the community function is heritable, (ii) that within-
community selection does not dominate over between-
community selection and (iii) that communities differ suffi-
ciently in phenotype. While other theoretical studies have
investigated heritability and the balance between within- and
between-community selection (6, 21-23), our “disassembly”
method contributes to improving the third point: how to
maintain variability between communities.

We have shown that disassembly can improve significantly
upon the maximum degradation scores of simulated syn-
thetic communities, compared to a random line and a no-
selection control. The method further outperformed the clas-
sical propagule and migrant pool methods, which could only
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Fig. 5. Change in degradation investment per species and the effect of such change in the biomass and degradation of the communities in the last round, colored by species
sets. All results from the IBM. (A) Total investment f; = Zk fir for each species 4+ = 1, 2, ..., 15. There are 75 dots: 15 species, colored by the species sets 1-5.
For evolved condition, the markers show the average total investment of the species, weighted by population size for each occurrence in communities from the last round
of selection where the species is present and not weighted between repeated runs; while ancestral condition corresponds to the total investment of each ancestral species
prior to any growth or evolution. Species that were present in a predominant community (P.C., see definition in the caption of Fig. 2) in the last round are shown as circles,
where the radius is proportional to the number of repeated runs where the species appear in a P.C. Species that were never present in a P.C. are represented by crosses. We
summarize the p-values of Wilcoxon tests of whether the investment is different in the last round of selection compared to the first in Fig. S5. (B) Total biomass per community,
measured as the sum of the area under the growth curves (AUC) for species in the community. The initial AUC is calculated from one round of growth, where the community
is composed of ancestral strains of the same species in the same proportions as the last community. There are 1050 dots: 21 communities per 10 repeated runs, for each of
the 5 species sets. (C) Degradation scores of the same 1050 communities in (B). The degradation of the initial community is calculated over one round of growth when the
community is composed of ancestral strains of the same species.
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Fig. 6. (A) Stability in degradation over 25 additional rounds after releasing the selection pressure, calculated for the highest-scoring community for each selection method in
the IBM. Results show the average degradation for each repeat. The dotted lines show the corresponding degradation when the community is composed of ancestral species.
(B-E) Max. degradation score in the last round of selection as a function of the experimental parameters: (B) the number of tubes to receive or lose a species, (C) the number
of species in the initial set, (D) the number of tubes or communities and (E) a scaling factor for the dilution bottleneck. The heat maps show the median degradation score
over all species sets and repeated runs (in (C) also over sub-samples) for each selection method. Fig. S9-S11 show the full data set. The color bar is the same for panels
B-E. The black outline marks the parameter value used throughout the rest of the paper. All data from the IBM.
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improve the maximum function for some initial combination as
of species, confirming previous findings (3, 23). 493
The problem with the classical methods is that they rapidly e
lose between-community diversity, which selection acts upon s
to improve community function. In these methods, diversity s
only arises through mutations, or through loss of species due s
to competition and dilutions between rounds of growth, while s
directed selection reduces between-community variability by e
only propagating a small subset of high-performing commu- se
nities. When communities become increasingly similar, fit- sor
ness differences become increasingly random which makes s
selection less effective (23). By removing and introducing ses
species, the disassembly method reshuffles the species com- sos
position to access new communities that sometimes outper- sos
form the original best community. As proposed in (23), we sos
show that the classical methods can be improved by periodi- so7
cally invading them with new species, which allows them to sos
maintain some variability. This approach still under-performs ses
compared to disassembly, however. 510
In a sense, the disassembly method is inspired by the s
crossover operator used in genetic algorithms in the field of s
evolutionary computing (27-29), whereby building blocks s
are recombined between digital individuals and generate vari- s
ability for selection to act on. Of course, crossover in ge- sis
netic algorithms is itself inspired by recombination in sex- st
ual organisms (30, 31). While interesting, these parallels do s,
not map directly to species exchange in community breeding, s:s
where the units that are subject to exchange are well-defined sio
and have their own ecology and within-species evolution. sz
Next, heritability is crucial for evolution (32) and a major s
challenge for community selection (6). In the disassembly sz
method, as in (6), we sidestep the issue of heritability and sz
ecological stability by re-assembling communities in a fixed sz
abundance and equal species proportions. In our models, this s2s
allows community dynamics to unfold in almost the same sz
way after each transfer. The disadvantage of this approach is s27
that we cannot guarantee that communities selected by disas- s
sembly would maintain either their community composition s
or function when propagated by regular dilution. One way to s
overcome this would be to include a few rounds of transfer- g;;
ring without selection to allow the communities to equilibrate s,
before each selection step (23). This would, however, make ss3
disassembly quite inefficient, in which case, propagule with s,
invasion can be more stable than disassembly (Fig. 6A). 535
Another factor that we do not explore in detail here is the ss
relationship between community stability and the timing of ss
selection. While our model is robust to timing errors, a com- ss
munity that degrades the toxic compounds too quickly can in ss

Vessman etal. | Artificially selecting microbial communities

principle be invaded by cheater cells that profit from the ini-
tial degradation and out-compete degraders in the absence of
toxic compounds (6). Such ecological succession was found
in a chitin-degrading community (16, 33).

While we have focused on increasing community perfor-
mance from an applied perspective, our study provides im-
portant insights into discussions on the levels of selection and
whether group selection can dominate over individual-level
selection. Our choice to implement mutations (unlike other
theoretical studies (23)) means that selection will also act at
the level of individual genotypes. We found that competi-
tion between individuals is indeed strong in our simulated
communities, leading individual species to reduce their in-
vestment into degradation in favor of growth. Interestingly,
though, the faster growth rate of these evolved species com-
pensates for the reduced investment by producing larger pop-
ulation sizes of degraders, such that the difference in degrada-
tion between ancestral and evolved communities was negli-
gible. Our approach does not overcome within-community
selection for growth, but this may not impact community
function as much as one might expect when the community
function is indirectly coupled to growth. Going back to the
practical perspective, in a lab setting, it may be worth investi-
gating whether the best selected species composition is more

efficient when assembled from ancestral or evolved strains.

Ultimately, the goal of our investigation is to help design ex-
periments rather than just computer simulations. While we
found that our method can efficiently search for better species
combinations, its scope is limited to communities that can be
disassembled in the lab, and the effort needed to find out how
to isolate species from the communities should not be un-
derestimated. We have, however, confirmed that a periodic
introduction of species (which is possible independently of
whether we can remove species or disassemble the commu-
nities) improves the propagule method (23) to balance exper-
imental feasibility and improvement of community functions.
From an experimenter’s perspective, it is also useful to con-
sider where one can reduce the size and complexity of the ex-
periment. We find that the parameter with the biggest effect
on the method is the size of the initial species set and that
the disassembly method is more efficient for larger sets of
species (Fig. 6). Disassembling rich communities may how-
ever prove quite challenging in practice, and future experi-
mental work will aim to make this step more efficient. We
also find that for disassembly, a higher number of commu-
nities grown in each selection round can compensate for the
number of selection rounds needed since we are then able to

search more distinct communities per round of selection.
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We have made a number of assumptions for our models. ss7
First, we assume a well-mixed liquid culture, where in re- ss
ality, clumps may affect species interactions and community sss
function. We also assumed a trade-off between degradation seo
and growth in both models and that the toxic compounds can- ses
not be used as nutrients. Both assumptions serve to decou- se
ple the community phenotype from population growth and se
while they are not completely independent, a smaller con- se
tribution from growth on the community phenotype should sss
make artificial selection more difficult. In a sense, this is ses
the more interesting problem to explore, since all the meth- sor
ods we explored are expected to improve a community phe- ses
notype that is aligned with population growth. Further, we se
have assumed that species diversity is key to functional di- e
versity: each species can only degrade a subset of the toxic o
compounds in our model and complete removal of the com- e
pounds depends on finding other species with complemen- eos
tary degradation capabilities. Within-community diversity is eos
in this way fundamental for community success, and also de- eos
creases competition, as each species only uses a subset of the eos
nutrients. In our simulations, it is therefore unlikely that any e
mono-culture scores higher than a multi-species community, eos
and the median size of a selected community was 6.9 4= 1.8 eos
species after 50 rounds of selection by disassembly (in the sio
IBM model). This optimum will, however, differ for each e
system (25).

Taken together, we have introduced a new approach to com-
munity selection, where species composition is shuffled be-
tween competing communities, allowing for a greater explo-
ration of the space of possible communities to find the best ™
performing ones. In doing so, we have been able to im- 613
prove community function with respect to randomly assem- o
bled communities, but show that genetic mutation can con- o
tribute to reduced investment by individual strains into com- o
munity function. We are testing this approach experimentally v
in parallel work. o
619
620

Materials and methods

621
Growth and community function. We separately imple- _,

ment an individual-based model (IBM) of individual cell

growth and a system of ordinary differential equations e
(ODEs) that model population-level dynamics. Both mod- s
els simulate different microbial species growing together in e
batch culture, in a medium containing 4 types of nutrients e
that allow cells to grow, and 10 toxic compounds that cause 7
cell death. Species are described by how quickly they grow, e
the rate at which they convert nutrients into biomass and how e
they are affected by toxic compounds. We describe the details eso

10 | bioRxiv

of both models in the following sections. All interspecies in-
teractions are due to the consumption of nutrients and degra-
dation of the toxic compounds. The concentration of each
nutrient j = 1, 2, 3, 4 is denoted by N; and the concen-
tration of each toxic compound k£ =1, 2,..., 10 is denoted
by T%. The removal of toxic compounds in either model is
determined by the parameters f;; that denote the fraction of
resources that a cell (IBM) or population (ODE) of type
invests into the degradation of toxic compound k. The re-
maining fraction 1 — )", f; is invested into growth. As we
describe in the following section, f;j is the only parameter
that is subject to mutation and therefore gives rise to differ-
ent strains of the same species.

Communities are created in two steps: First we draw a li-
brary of 15 species, each with unique (random) combinations
of model parameters sampled as described in Table 1 and
2. These species are then randomly assigned (with replace-
ment) to 21 communities of four species each, such that each
species is present in at least one community.

In each round, each community grows and degrades the toxic
compounds independently of the other communities, for 80
time-steps in the IBM and 100 in the ODE model. The root-
mean-square decrease in T} from the initial time point ¢g to
the last t.,,4 forms the basis of our community function, the
degradation score D:

10

B 1 Ti(tena) \ >
b=l wZ(TkaO))

k=1

@

These scores are used to rank the communities, so that we
can propagate the best ones by the different selection meth-
ods (elaborated below). To compare the selection methods,
we simulate 50 rounds of growth, degradation and selection
with the different methods. Upon propagating communities
to fresh medium, we only transfer the cells and no leftover
media. To reduce bias due to initial conditions, we run 10
simulations with different initial communities for each out of
5 sets of 15 species (Fig. 1F). The same exact set of initial
conditions is used for all selection methods to make compar-

isons fair.

Within-species evolution. In both models, a strain ¢ of
the ancestral species [; (“I” as in lineage) invests a fraction
0 < fir <1 of the resources that they take up into degra-
dation of toxic compound k. These fractions can mutate,
creating new strains of the same species that invest different
amounts into degradation and the rest, 1 -3, f;, into popu-
lation growth. The mutations take place at cell division in the
IBM and during community replication in the ODE. The dis-
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tinction between “species” of a fixed set of 15 and “strains”, e7s
that emerge from an ancestral strain of each species as mu- ¢7
tations arise, is important. For example, in the disassembly s
method described below, we inoculate a fixed concentration e7s
of each species in each round, which can consist of different ¢77
strains of the species, depending on their frequency in the ez
previous round. 679
To evaluate the evolution of the total investment f;. =", fix e
(Fig. 5A) of species [, we compare the investment of the an- es
cestral strain ¢ to that in the last round of selection (or as late ez
as possible in case the species went extinct). The average ess
per-species investment is weighted by the population size .S; ee
of the different strains 7 of species [,

> Sifi/d S

4 of species [ A

fi. = 2)
to emphasize the investment of abundant strains instead of 685
small recent mutants that have not contributed as much to the "
community function. The value fi. is further averaged over !
the 10 repeated runs (recall: each run starts from the same m
set of species) for each of the 15 species, without weighting 689
by population size. For the statistical comparison, we hence 690

691

have 75 data points: 15 species per each of the 5 sets.
692

Individual-based model (IBM). We simulate well-mixed
batch cultures that initially contain 10 cells per species in **
the communities. All cells are initially equally exposed to
Tk (to) = 700 units of each of the 10 toxic compounds, which **
can cause cell death (see below), and have equal access to *’
N;(to) = 2000 units of each of the 4 nutrients that allow the **®
cells to divide and reduce the concentrations of toxic com- *°
pounds (see below). These processes occur according to the ™
parameters of each strain ¢ (Alg. 2, Table 1, Fig. S12). 7ot
Cell division consists of two steps, here called “activation” "
and “replication”, that respectively involve the acquisition of "
some nutrients by the cell and their utilization for cell repro- "
duction (34). Cells of strain ¢ share their parameters (Table 1) "
and can be in either of two states: the initial “inactivated” "
with population size p;g, or the “activated” with size p;;. Ev-""
ery activation, replication, mutation and death event occurs "
with a given probability by random sampling from a Poisson ™
distribution with rate population - probability (22). 7o
Degradation and activation are costly and are carried out first. ™"
At each time step, a cell of type 4 can take up an amount n;;

of the nutrient j with current concentration IV;, with 73

714
(3) 715

716

max_uptake = Z(nij if Nj > nj).

J

The max_uptake scales down the amount of degradation 7
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or the probability to activate when not all the nutrients con-
sumed by the cell are present.

Regardless of their activation state, at each time step, all the
cells of a strain (i.e. the total population size S; = p;o + pi1)
degrade the amount f;; - max_uptake units of each toxic
compound k, consuming f;. units of nutrients in total. If there
are not enough nutrients, a smaller fraction of S; degrades,
determined by the amount of nutrients available. When a
toxic compound is depleted, its degradation and thus the cor-
responding nutrient consumption does not occur.

Following degradation, an inactive cell can activate with
probability

a;-(1— Zk: fik) - max_uptake - zj: <ﬁij ]]G;j((ti)))> C))

where 7;; is a re-scaled version of n;;: if some nutrients are
depleted, their n;; are set to 0 and the n;; of the remaining
nutrients are re-scaled such that ) ;nij = 1. To activate, a
cell of type ¢ consumes in total 1 — f;. units of nutrients and if
the it does not replicate, it needs the same amount of nutrients
in subsequent time steps to remain activated.

The amount of nutrient of type j that is consumed for degra-
dation and activation depends on the parameters n;; and on
the amount of each nutrient that is available. When one
type of nutrient gets depleted, cells will take up more of the
other available nutrients that they require. At every time step
we check how many cells of strain 7 can degrade and acti-
vate based on the scarcest nutrient. Thus, when a nutrient j
is nearly depleted, fewer cells that require this nutrient de-
grade and have the chance to activate in the current time
step. In following time steps, when nutrient j is depleted,
cells consume the remaining required nutrient types. So, al-
though now cells would use nutrients less efficiently, if these
nutrients are sufficiently abundant, a greater population can
degrade and activate. This models a pause in degradation
and division caused by a metabolic shift towards consum-
ing fewer nutrients. These events are stochastic and lead to
noise between runs of the model with the same starting con-
ditions. When we calculate the growth and degradation of
specific communities such as the 32767 possible combina-
tions of species (Fig. 2 E-F, Fig. 3 G), we average the results
over three replicates of the simulations. We use the same seed
for the random number generators for consistency.

At each time step, activated cells divide with probability 7; -
(1— f;.) without additional cost, resulting in two inactivated
daughter cells: one daughter maintains the parameter values,
and the other is susceptible to mutation with probability =
0.01. Upon mutation, the previous value of at least one f;z
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Parameter Description Randomly sampled from
l; Species ID of strain ¢
a; Activation probability Beta(2,2)
ri Replication probability Beta(2,2)
nij Consumption rate of nutrient j Uni(0,1), Sparse,
Rescaled so that
> jmij =1
ik Fraction of consumed nutrients invested Uni(0,1), Sparse,
into degradation of toxic compound & Rescaled so that
>k fik = Uni(0,1)
Mik Death rate of strain ¢ due to toxic compound £ | Uni(0.001,0.02), Sparse

Table 1. Parameters defining a microbial strain 4 in the IBM. Growth rates, death rates and degradation investment vectors r; ;,

m;i and f;j, are made sparse by multiplying

them by a vector drawn from Bernoulli(0.5). Each species can this way only take up a random fraction of nutrients, be affected by a random fraction of the toxic compounds

and degrade another fraction of the toxic compounds. Despite changing by mutation, the total investment f;. is limited to the interval [0, 1].

is multiplied by a random number from the lognormal (u =
0,02 =

falls in the [0, 1] interval. As a result, a new strain of the

0.4) distribution, making sure the total investment f;.

same species with population p;g = 1 is introduced.

At each time step, activated and inactivated cells may die with

a probability determined by the following Hill function:

Zmzk T2 e ®)

726

727

728

. . . 729
Where T} is the current concentration of toxic compound &

and the constant X = 700.

Population-level model. As the IBM above, the ODE
model simulates well-mixed batch cultures with nutrients and
toxic compounds, extending a previous model (25). In the
model, the population size .S; of each strain ¢ in a community
grows in relation to the concentrations of nutrients N; and
decline by the toxic compounds T}, (Fig. S13) by the model
parameters in Table 2. Growth, death, nutrient uptake and
degradation is described by the following ODE system:

= <(1_Zfik)Pi(N) —Mi(T)> Si (6)
3
pi(N;)
=- Z T]Sl 0]
ddltk = —Tkaik5ipi(N)5i 8)

The bold-face N, T denote the vectors of all nutrients and
toxic compounds, respectively. We assume Monod and Hill
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functions for the per-capita growth and death rates p;, ;.

N
pi(N) =D rijn )
! 2]: ”Nj—FKN
)= mi e gy TR (10)

The system of equations Eq. (6)-Eq. (8) is solved with a stan-
dard ODE solver (dopri5, (35, 36)) for 100 time steps with
initial conditions S;(tg) = 100, N;(to) = 100 and T} (to) =
100 for all 4, 7, k.

The investment f;; can mutate to form different strains of
the same species. When this happens, we add a new popula-
tion equation of the type Eq. (6) to the ODE system, with the
same parameters 1;;, M;, Y; and d; as the ancestor but with
the modified f;x. To not make the system of equations too
large, we have limited the number of strains to 28 per com-
munity. We estimate this to be enough since we expect mu-
tants to rapidly replace their ancestral strains if their growth
rate is higher, and otherwise disappear rapidly. If there are
already 28 strains in a community, then no more mutants are
allowed. Otherwise, when communities are propagated to the
next round of growth, any surviving strain can have a mutant
with probability 0.05. Having chosen which strains 7 to mu-
tate, we pick one or more traits f;; at random and multiply
them by numbers drawn at random from lognormal(0, 0.4)
and ensure that both the mutated traits f;; and the total in-
vestment f;. falls in the [0, 1] interval. The mutant receives
the same r;;, m;y, Y; and d; parameters as its ancestor and
is introduced with population size 100, the same as the initial
population before the first round of growth. This population
size is chosen relatively high, in order to speed up the com-
petition between ancestor and mutant strain.
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Parameter Description Sampled from
l; Species ID of strain ¢
Tij Maximum growth rate Uni(0.01, 0.1)
with respect to nutrient j Sparse
Ky Half-saturation constant Ky =10
for nutrients (fixed)
Mik Maximum death rate Uni(10~4, 1073)
with respect to toxic compound & Sparse
Kt Half-saturation constant Kpr=10
for toxic compounds (fixed)
ik Fraction of amassed nutrients Uni(0,1), Sparse
that are invested into Rescaled so that
degradation of toxic compound & >k fi =Uni(0,1)
Y; (Average) biomass yield lognormal(log(10~3),log(5))
with respect to the nutrients
0 (Average) degradation efficiency | lognormal(log(10~%),log(5))
with respect to the toxic compounds

Table 2. Parameters defining a microbial strain i in the ODE model. Growth and degradation parameters in relation to nutrients and toxic compounds N; and T%. All
parameters are assumed to be positive, and the investment f;, is limited to the interval [0, 1]. The matrices of growth rates, death rates and degradation investment r;;,
m; and f;, are made sparse by multiplying them by matrices drawn from Bernoulli(0.5), i.e. flipping a coin for each entry. In this way, each species takes up approximately
half of the nutrients, is affected by half of the toxic compounds and degrades half of the toxic compounds.

Artificial selection methods. After scoring all communi- 77
ties in a given round (see above), a fraction of these “par- s
ent” communities is propagated to “offspring” for the next 77
round of growth (Fig. 1A, Alg. 1).
several methods of propagating the selected communities 7ss

Here we implement 7s0

as described below (Fig. 1B, C), and compare them to a7
no-selection control (NS) where each community is propa- 7ss
gated by 100-fold or approximately 20-fold (stochastic pro- 7s
cess based on Poisson distribution) dilution, respectively for 7ss
the ODE model or IBM (Fig. 1E). NS shows the baseline
change in community function due to interspecies interac-
tions and changes to the species composition (23). ”
787
788
Propagule selection. In the propagule method, the 7 commu- 7
nities with the highest scores are propagated to the next round 7s0
by dilution (10, 24) (Fig. 1C, Alg. 7, Alg. 8). The commu- 71
nities are populated uniformly such that each selected par- 7s
ent contributes 3 offspring communities for the next round. 7es
The important design parameters are the dilution factor and 7e
the fraction of communities to propagate, i.e. the selection 7ss
bottleneck. In previous experimental studies, dilution factors 7s
between 5 and 30 have been used for bottlenecks between 7o7
1/10 and 1/3 of parent communities (8—10, 17, 19). We keep 7ss
a wide bottleneck, selecting 7 out of 21 communities, before 7ss
diluting them by a factor 100 (ODE model) or approximately so
20 in the IBM (where population sizes are smaller and we so1

Vessman etal. | Artificially selecting microbial communities

sample the cells to propagate at random, according to a Pois-
son distribution) for the next round. See also simulation stud-
iesin (5, 6, 22, 23, 37). We compare PS to the random control
PR, where the communities are selected at random without
regards to their degradation scores. We also compare PS to
a version that we call propagule with invasion (PIS) and its
corresponding random control (PIR). In this version, we in-
troduce at least one species to 5 out of the 21 offspring com-
munities (chosen at random with uniform probability) (23).

Migrant pool selection. Here, selected parent communities
are mixed in a migrant pool before new offspring commu-
nities are formed by taking samples from the pool (10, 24)
(Fig. 1D, Alg. 9). Previous experiments have used micro-
bial communities from wastewater (18), soil and rhizospheres
(8, 10-14), marine environments (16) and other strain collec-
tions (38), selecting between 1/10 and 2/7 of communities
and diluting them by factors between 1/100 and 1/2. The
method has also been subject to at least one simulation study
(5). We select 7 communities out of 21, merge them in a pool
and create 21 new communities by sampling without replace-
ment cells from the pool with an approximately 20-fold di-
lution (stochastic process according to Poisson distribution).
We compare MS to a random control (MR), where we se-
lect communities with uniform probability without regards to
their degradation scores. We also implement a version of mi-
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grant pool selection where we introduce one or more species ss
to 5 out of the 21 offspring communities (chosen at random sass
with uniform probability), and call this migrant pool with in- ass
vasion (MIS and the random control MIR). 847

848
Disassembly selection. Our proposed method is intended for o

synthetic communities, where each species can be grown sep- w50
arately and isolated from a multispecies community, such that o
the communities can be disassembled between transfers. We v
select 7 out of 21 parent communities by degradation scores s
(Fig. 1D, Alg. 10). By disassembling these communities, v
we maintain a record of samples of each species that were wss
present in at least one selected community in each round. If

a species is present in more than one selected community, we s
sample from the highest-scoring community that this species gs,
was part of. In this way, we are able to re-introduce any es
species that went extinct. 859
To select against extinctions and communities whose mem- seo
bers out-compete one another, we scale the degradation score g
D by the fraction of surviving species at the end of a round g
of growth as follows: 863

P . 864
number of surviving species

D=Dx (1)

number of species in the community

>

For example, if a 5-species community loses one member

species, its degradation score is scaled by 0.8. Next, we draw &5

21 offspring communities from the 7 (n =1, ..., 7) selected
parent communities for the next round of growth, in propor-
tion to their scores D with probability: 866
867
1 .
— D, (12) g6

869
for each selected community. In this way, parent communi- sz
ties with (i) high degradation scores and (ii) low or no extinc- e
tions will have more offspring. The offspring communities ez
have the same species composition as their parents, but we s
reset the initial abundance of each species to a specified pop- sz
ulation size (100 in the ODE, around 10 cells in the IBM by s7s
a random sampling with replacement from a Poisson distri- s7
bution) to standardize the growth conditions between rounds, s77
i.e. to maintain heritability. 878
To introduce variability between communities, we change the s7s
species composition of a few of the 21 offspring communi- sso
ties. First, we choose 5 offspring communities at random ss
and remove one or more species, always one species plus an ss
additional number drawn from Poisson(0.5). If the drawn sss
number is equal to or higher than the number of species cur- ss
rently in the community, we leave one species to avoid emp- sss
tying or completely changing the community composition. sss

14 | bioRxiv

Having found a number of species to remove, we choose
the species to remove with uniform probability, but avoid re-
moving any species that is present in only this community.
Next, we introduce one or more invader species —as above,
1+ Poisson(0.5)— chosen with uniform probability from the
frozen stock, to 5 randomly chosen communities. These 5 are
chosen anew and could be the same communities that we just
removed species from, or not. In order to maintain diversity,
we ensure that all species appear in at least one community
by preferentially introducing species that are not currently
present in any offspring community. See Alg. 10 for more
details.

Statistical and other analyses. Correlations are evaluated
by the Spearman’s rank correlation coefficient p. We com-
pare selected communities to the set of all possible commu-
nities by a Kruskal-Wallis H test for differences in median.
We use the scipy (36) implementations for all three methods.
We quantify species diversity within a community (Fig. 3E,
Fig. S2) as the Hill number of order 1 or the average effective
number of species present in the community (39, 40), which
is based on the Shannon index H':

exp(H') = exp(— Y _ pilogp),
=1

13)

which in turn depends on the species’ relative abundances

1 = S1/Stot (14)

where we divide the population size .S; of each species by the
total population size in the community S;o; = > ; S;. If more
than one strain is present, we sum up their population sizes
to find the species’ total population size. We then average
exp(H') over all communities to find the average effective
number of species. The measure falls between 0 and 15 ef-
fective species in an average community.

Beta diversity (Fig. 4 C, D, Fig. S4) is calculated by consider-
ing each community as a vector of the population sizes of the
15 species. Species absence from the community is marked
by zero. We find the beta diversity as the average Bray-Curtis
dissimilarity of each of the 210 possible pairs in the 21 com-
munities.

The community coverage of nutrients and toxic compounds
(Fig. 3F) is quantified similarly to species diversity, as the ef-
fective number of toxic compounds invested into or nutrients
taken up. Toxic compound coverage is calculated from the
vector f k=2 fu1e of total investment into degrading toxic
compound k in a given community. The ’tilde’ indicates that
we have scaled the fj;, for each strain of a species by the cor-
responding population sizes of the strains in the community
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as in Eq. (2). In this way, we emphasize the most relevant 4,
strain of each species and do not bias the result to the number -

of competing strains within a species. Note that we do not s
933
- N 934
investment f.;, is rescaled so that ), f., = 1, we calculate sss
936

scale f.k by species abundance in the community. Once each

the effective number of toxic compounds invested into as -

938

- - 939
eXp(H,) = eXp _Z frlogfur |, (15) 410
k=1 941

942

and average this value over all 21 communities. The measure %3
falls between 0 (no toxic compounds are invested into) and 10 ::
(all compounds). For the nutrient coverage, we use the same %6
calculation using the nutrient uptake rates n;;, but without ZZ
scaling between different strains as this parameter does not %9
mutate. The effective number of nutrients taken up takes val- ::?
ues between 0 and 4, the number of different nutrients. 952
To evaluate the stability of the selection methods (Fig. 6A), sz
we choose the highest-scoring community that each method **°
found after 50 rounds of selection (one community for each Z:
repeated run of each species set), and seed 10 replicates with **
its identical initial composition. Then we grow and dilute ZZ:
them for a further 25 rounds, as we would do for the no- %

962

selection treatment. We do not allow mutations in these g,

rounds, to focus only on the ecological stability of the found **
communities. For the analysis of sensitivity to the number of ZZZ
species in the initial species pool (Fig. 6C, Fig. S9), we sam- %’
ple 5 random subsets of 6, 9, 12 from the original set of 15 Zzz
species, and run for each of them 5 simulations with differ- *°
ent 21 initial communities. Drawing new species sets of the Z;
corresponding size would introduce further variance, which
we would rather avoid. For the effect of the dilution factor Z:
(Fig. 6E, Fig. S11), we multiply the 10-cell inoculum by a®®
factor 0.2, 0.5, 1, 2 or 5 for the disassembly method and scale ZZ
the 5% dilution fraction for the other methods by the same ZZZ

factor. 981
982
983
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s SUpplementary tables

Vessman et al.

Method 1 | Method2 | p (IBM) | p (ODE)
DS 0 4%x10710 | 4x10710
DS PS 8x 10710 | 8x 10710
DS MS 8 x 10710 -

DS PIS 1x1079 | 2x1078
DS MIS 8 x 10710 -

DS DR 8x 10710 | 8x 10710
DS NS 8x 10710 | 8x 10710
PS 0 1.0 1.0
PS MS 1x1077 -

PS PIS 4%x1072 | 7x107°
PS PR 8x 10710 | 3x107?
PS NS 8 x 10710 0.1
MS 0 1.0 -

MS MIS 0.67 -

MS MR 8 x 10710 -

MS NS 0.3 -

PIS 0 9x 106 0.8
MIS 0 1.0 3

Table S1. P-values for Fig.2A-D a Wilcoxon signed-rank test of difference in maximum degradation between methods.

Method 1 | Method2 | p (IBM) | p (ODE)
DS PS 8x 10719 | 7x 10710
DS MS 8x 10710 -

DS PIS 8x 10710 | 7x 10710
DS MIS 8x 10710 -

DS DR 8x 10719 | 8x 10710
DS NS 8x 10710 | 7x 10710
PS MS 1x107% -

PS PIS 3x1078 | 7x107*
PS PR 2x1079 | 7x1077
PS NS 8x 10719 | 3x1076
MS MIS 8 x 1072 -

MS MR 2x10~8 -

MS NS 2x1079

| Artificially selecting microbial communities

Table S2. P-values for Fig.2E-H a Wilcoxon signed-rank test of difference in degradation ranks between methods.
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Method 1 | Method2 | p (IBM) | p (ODE)
DS PS 6x1077 | 8x 10710
DS MS 8 x 10710 -

DS PIS 8x 10710 | 8 x 1010
DS MIS 8 x 1010 3

DS DR 8x 10710 | 6x10~
DS NS 8x 10710 | 8x 10710
PS MS 1x1079 .

PS PIS 0.1 0.01
PS PR 2x1078 0.5
PS NS 8 x 10710 0.3
MS MIS 0.13 -

MS MR 1x107? -

MS NS 1x107° -

Vessman et al.

Table S3. P-values from a Wilcoxon signed-rank test of difference in total investment in communities, between methods for Fig.3A-D.
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Fig. S1. The difference in median degradation between round 50 and round 0 for each propagation method, corresponding to Fig. 2. The two-sided Wilcoxon test for
difference in degradation against the no-selection control is significant for the selection methods DS, PS and MS. Data generated by the IBM.
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Fig. S2. Time-series of the species diversity (effective number of species per community) corresponding to Fig. 4D. Each panel shows the mean = standard deviation over
the 10 repeated runs, for each species set 1-5, for one propagation method. Data generated by the IBM.
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Fig. S3. Time-series of the number of explored communities, corresponding to Fig. 4B. Each panel shows the mean =+ standard deviation over the 10 repeated runs, for each
species set 1-5, for one propagation method. Data generated by the IBM.
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Fig. S4. Time-series of the beta diversity corresponding to Fig. 4F. Each panel shows the mean + standard deviation over the 10 repeated runs, for each species set 1-5, for
one propagation method. Data generated by the IBM.
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Fig. S5. Distribution of p-values from a one-sided Wilcoxon signed-rank test of whether the total investment f;. of a species is larger/smaller in the last round where a species
survived, than the investment of the ancestral species. There is one bar for each selection method, with 15 species x 5 sets of species for each bar. The alternative hypothesis
is that difference in investment (ancestral-evolved) is greater (green) or less (blue) than zero. Data generated by the IBM. Data for DS is shown in Fig. 5.
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Fig. S11. Effect on max community degradation score from scaling the dilution factor or inoculum size. Data generated by the IBM.
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w  Pseudo-code for implementation of models and selection methods

Input: A set of 15 species, defined by model parameters.
Input: Experimental parameters: Number of communities, time span [tg, tenq] of growth in batch. Community bottleneck
f = 1/3, dilution ratio d € [0, 1]. Initial conditions S;(to), N;(to), Tk (to)-
Assemble 21 communities by randomly drawing 4 species with replacement from the species set. Ensure that each species is
present in at least one initial community.

for Each round of selection do
/| Population growth, interspecies competition and invasion of mutants

for Each community do
Grow the communities for a time span [tg, tenq]. IBM implementation: Alg. 2, ODE implementation: Alg. 6).

Save the population sizes S;(t.,q) for each strain ¢ in the community
Save the end-state concentrations T (teq) for each toxic compound &
Compute the degradation score D from Ty (tenq) by Eq. (1)

end

// Propagate the communities by the chosen selection method

// Required parameters: the community bottleneck /3, dilution ratio d

// Required variables: degradation scores D for each community

/I For propagule method, follow Algs. 7 and 8

/I For migrant pool method, IBM only, follow Alg. 9

/I For disassembly method, follow Alg. 10

// Replenish the substrates

Set N;(to) = No and Ty (to) = Tp forall j, k

end
Algorithm 1: Overall flow of the selection simulations from population growth, community dynamics and mutations to propa-

gation by the different selection methods.
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Input: A community where each microbial strain ¢ is defined by the parameters in Tab. 1. Size of the inactive and active

sub-populations p;o, p;1 and total population size S; = p;o + p;1. Nutrient concentrations N, toxic compound

concentrations 7},.

Input: Mutation parameters: mutation rate fi,,q¢, trait deviation o,,.

for Each time step do

for

end

Alg. 4.

Alg. 5.
end

for Each community 1, ..., 21 do

Each strain  do
/I Maximum uptake of nutrients of this strain, used to scale the growth and degradation according to the

concentration of nutrients
maz_uptake := 3. (ngj if Nj > nij)
/1 If some nutrients are depleted we re-scale n;; to consume the remaining nutrients in higher amounts
if Nj < n;; then

‘ Nij = 0
end

nij

Zj (nij if Nj >nij)
/I The largest number of cells that can consume the scarcest nutrient at this time step, we just take its integer part
St = int(min(Nj /fu; if Nj > gj5))
/I Toxic compound degradation
if ST > ( then
/I Maximal population that can degrade
Pi,tot = min(Slmam, SZ)

for Each compound 7T} do

Nij =

if Ty cannot be completely degraded in this time step then
Ty =Ty — P; tor - mazx_uptake - f;1,
for Each nutrient V; do
| Nj:=Nj—0ij Piot- fik
end
end

else
| Degrade the remaining toxic compounds and consume the corresponding nutrients

end

end

end

/I Cell division step 1: Costly activation
Alg. 3.

end

/I Cell division step 2: Replication

/] Cell death

Algorithm 2: Implementation of population growth, competition and mutations in the IBM model described in the section

Individual-based model.
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Input: Communities where each strain 7 is defined by parameters in Tab. 1. Inactive and active sub-populations p;g, p;1. The
maximal population S]*** that can afford to consume nutrients, based on their current availability. Re-scaled nutrient
consumption rates 7;;. Current nutrient concentrations N;.

Input: Parameters: Initial nutrient concentration Ng.

/I Cell activation

if S7* > ( then

/I Already activated cells consume nutrients

if S@mam > Pi1 then

Nj = Nj—nij-pir- (1 =2 fir)

Szmaw = Simaz — i1

end

else
Deactivate cells that cannot afford to stay activated, consume the corresponding nutrients for cells that remain

activated, set 57" :=0

end
/I Newly activated cells
cells_activate := Poisson(a; - pio - maz_uptake - (1 =3 fir) - >, (fij - Nj/No))
if cells_activate > p;o then
| cells_activate := p;g
end

if cells_activate > ST then
| cells_activate := S]"*

end
Dio := pio — cells_activate
Di1 := pi1 + cells_activate
for Each nutrient N; do
| Nj:=Nj—nyj-cells_activate- (1 =", fir)
end

end

else
| Deactivate all the activated cells

end

return Populations p;o, p;1 for strain i, current nutrient concentrations N
Algorithm 3: Activation of cells, the first step of cell division in the IBM described in Alg. 2.
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Input: Communities where each strain ¢ is defined by parameters in Tab. 1. Inactive and active sub-populations p;g, p;1.
for Each community do

for Each strain ¢ in the community do
/I Calculate the number of new cells appearing due to division

new_cells :=Poisson (p;1 -7 (1 — >y fix))

if new_cells > p;1 then
| new_cells :=pj1

end

/I Calculate how many new_cells will carry mutations
mutants :=Poisson (new_cells - tmayt)

if mutants > new_cells then
| mutants := new_cells

end

Di1 = p;1 —new_cells

Pio = pio +new_cells -2 —mutants
//Mutation

for Each new mutant do
Add a new strain ¢ to the community, with the model parameters of the ancestor and set p;o := 1 and p;1 :=0

Decide which f;;, to mutate by drawing from Bernoulli (ﬁ) for each f;x; ensure that at least one f;; mutates
for Each successful draw do

Multiply the chosen f;x, by a factor © ~ lognormal(0.0,0,,)

Re-scale so ), fir < 1,if needed
end

end

end

end

return Populations p;o, pi1 for each strain 1, including the new ones resulted from mutation.
Algorithm 4: Replication and mutation, second step of cell division of the IBM described in Alg. 2.

Input: Communities where each strain ¢ is defined by parameters in Tab. 1. Inactive and active sub-populations p;g, p;1-
Current concentrations T}, of toxic compounds. Death rates m;; and K constant for the Hill function.
for Each community do

for Each strain ¢, looping over the community in reverse order do

. T2
Pio := pio—Poisson (p,-o Y o(mig- TI;A,JF’“KQ)> ; ensure that p;, > 0

. T2
pi1 := pi1— Poisson (pﬂ (Mg TZJ:“KQ)> ; ensure that p;; >0
k

if p;o + p;1 = 0 then
| remove strain % from the community

end

end

Randomly shuffle strains in community
end

return Populations p;o, pi1 for each strain 1.
Algorithm 5: Cell death of the IBM described in Alg. 2.
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Input: Strains with model parameters from 2 for each population i.

Input: Mutation parameters: rate fi,q¢, trait deviation o, .

Input: Experimental parameters: Number of toxic compounds Ny, initial concentrations Ny, Tj of nutrients and toxic
compounds, initial population size Sy. Time span for growth [tg, tepq]

for Each community do
/I Growth and competition within one round

Solve the equations Eq. (6)-Eq. (8) for a time span [to, tend]-
Save the end states S;(tend), Nj(tend), Tk (tend)-
// Mutations, ODE model

for Each strain ¢, with probability fiy,,: do
Copy the species parameters to an empty place in the list of populations

Choose a f;; at random by drawing from Bernoulli(1/Ny,,) foreach k=1, ..., 10
For each chosen f;j,, multiply by a factor x, ~ lognormal(0.0, o,,)

Set the inoculum size to Sy
end

end

return Si (tend)’ Nj (tend)’ Tk (tend)’ fzk
Algorithm 6: Implementation of population growth, competition and mutations in the ODE model described in the section

Population-level model. To solve the equations, we use dopri5 from the SciPy library (35, 36).

Input: Communities with populations S; and degradation scores D. End states Ty (tenq)-
Input: Experimental parameters: selection bottleneck 3 = 1/3, dilution ratio d.

Rank the communities by degradation D

Select the top Ng = 7 of communities with the highest ranks.

/I Re-populate the new set of tubes

Allocate 1/ new tubes for each selected community

for Each selected community 1, 2, ..., 7 do

for Each population S; in the selected community do
/I Dilute the population

Dilute S;(to) :=d-S;(tend)
if S; (to) < 1.0 then
/! The population is extinct
Set S;(to) :=0.0
Remove all species parameters from the community
end
Copy model parameters and population sizes S;(to) of each strain in the parent communities to each of the 1/

offspring communities
end

end
Algorithm 7: Implementation of the propagule selection method for the ODE model.
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Input: Communities with degradation scores D and strains S; with total population .S; = p;o + p;1. End-state concentration

of toxic compounds T}, (tend)-
Input: Experimental parameters: selection bottleneck 8 = 1/3, dilution ratio d.
Rank the communities by D
Select the top Ng = 7 of communities with the highest ranks
/I Re-populate the new set of tubes
Allocate 1/ new tubes for each selected community
for Each selected community 1, 2, ..., 7 do

for Each strain ¢ in the community do
/I Deactivate cells

pio(tend) = Si(tend)
Pbi1 (tend) =0
/I Dilute the population, new cells will be inactivated
pio(to) :=Poisson(d - S;(tend))
if pio(to) > Si(tenq) then
| pio(to) = Si(tend)
end

if p;o (t()) > 0 then
| Append strain ¢ with population pg(tg) to the new tube

end

/I Delete selected cells to not chose them again
S; (tend) =5 (tend) —Dio (t())

end

end
Algorithm 8: Implementation of the propagule selection method for the IBM.
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Input: Communities with degradation scores D and strains S; with total population S; = p;o + p;1. End-state concentration

of toxic compounds T}, (tenqg)-

Input: Experimental parameters: selection bottleneck 8 = 1/3, dilution ratio d.

Rank the communities by D

Select the top Ng = 7 communities with the highest ranks, and pool their populations.

/I Re-populate the new set of tubes

Allocate 21 new tubes

for Each offspring community 1, 2, ..., 21 do

end

32
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for Each strain ¢ in the pool do

/I Deactivate cells
pio(tend) = Si(tend)
pi1(tena) =0
/I Dilute the population, new cells will be inactivated
Draw p;o(to) from Poisson (Niﬁ - Si(tend))
if pio(to) > Si(tena) then
| pio(to) = Si(tend)
end
if pio (to) > (0 then
| Append strain ¢ with population p;o(to) to the new tube
end

/I Delete selected cells to not chose them again
S; (tend) =5; (tend) —DPio (tO)

end

Algorithm 9: Implementation of the migrant pool selection method for the IBM
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Artificially selecting microbial communities


https://doi.org/10.1101/2023.01.08.523165
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.08.523165; this version posted January 10, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Input: Communities with populations ,S; (in the IBM S; = p;g + p;1) with model parameters from (Tab. 1, Tab. 2) and
degradation scores D.

Input: Experimental parameters: selection bottleneck /5 = 1/3, initial population size Sy and number of new communities to
emigrate species from N¢,,; = 5, and immigrate species to N;pms: = 5.

/I Rank the communities

Rank the communities by the degradation score D

/I Update the fossil record with the top communities in this round

for Each selected community 1, 2, ..., 7 do

for Each species [ in the selected community do

if The record of species [ is not yet updated in this round of selection then
| Add all strains 7 of species [ to the fossil record, including the corresponding parameters and population sizes

end
end
end
/! Propose new communities in proportion to their degradation scores and survival
Follow Alg. 11
/I Emigration
Draw Nep,i = 5 communities with uniform probability

for Each chosen community 1, ..., N¢y,; do
/I Find emigrating species

Number_of_emigrants = 1+ Poisson(0.5)
Verify that at least one species will remain

for Each emigrant do
Choose the emigrant at random, with priority for species that occur in more than one community

Remove all strains of this species from the community
end

end
/I Immigration
Draw Njpmi = 5 communities with uniform probability

for Each chosen community 1, ..., Njpum: do
/I Find immigrating species

Number_of_immigrants = 1+ Poisson(0.5)
for Each immigrant do

if There are species that do not feature in any community then
| Choose one of them at random

end

else
| Choose a species that is not already in the community with uniform probability

end
Take all strains of the species from the species record, add them to the offspring community

Set the population size to Sy (approximately Sy in the IBM, see Alg. 11), in proportion to strain relative abundance

end

end
Algorithm 10: Implementation of the disassembly method.
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Input: The subset of selected communities, their degradation scores D. Population sizes S; of all strains (in the IBM,

Si = pio +pi1)-
Input: Parameters: Number of species N that were inoculated in the different communities. Inoculum size per species Sp.
// Scale degradation scores by species extinctions

for Each selected community 1, 2, ..., 7 do
// Count the number of surviving species in this community

Set the extinction counter ' =0
for Each species [ in the community do

if S; =0 for all strains of species | then
Set E:=FE+1

/I Re-introduce species | from the record
Take all strains of species [ from the most recent record
end
end
/I Scale the degradation score D by the fraction of surviving species
Set D := D - (Nype— E)/Nape

end

/I Calculate a probability distribution based on degradation scores
Set p, := Dy, /> m D,,, for each community n

I/l Propose new communities randomly in proportion to py,

for Each offspring community do
Choose a parental community at random, by the probability distribution p,,

for Each species [ in the parental community do
Copy the growth parameters and f;;, of all strains ¢ to the offspring community

/I ODE: Set the population size of each species to Sy in total, in proportion to the relative abundance of the strains.
// IBM: Sample approximately Sy cells with replacement as follows:

for Each strain ¢ (with population S;) of species [ (with population S;) do
/IDeactivate cells

piO(tend) =5; (tend)
Pi1(tend) =0
/l Draw new population
Draw p;o(to) from Poisson (Sp - g—;)
if p;o(to) > O then
| Add strain ¢ with population p;o(¢o) to the new community

end

end

end

end
Algorithm 11: Method to propose new communities based on their degradation scores from the previous round. Called by

Alg. 10
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