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1 | INTRODUCTION

| Sara Mitri

Abstract

Some microbes have a fascinating ability to degrade compounds that are toxic for hu-
mans in a process called bioremediation. Although these traits help microbes survive
the toxins, carrying them can be costly if the benefit of detoxification is shared by
all surrounding microbes, whether they detoxify or not. Detoxification can thereby
be seen as a public goods game, where nondegrading mutants can sweep through
the population and collapse bioremediation. Here, we constructed an evolutionary
game theoretical model to optimize bioremediation in a chemostat initially containing
“cooperating” (detoxifying) microbes. We consider two types of mutants: “cheaters”
that do not detoxify, and mutants that become resistant to the toxin through private
mechanisms that do not benefit others. By manipulating the concentration and flow
rate of a toxin into the chemostat, we identified conditions where cooperators can
exclude cheaters that differ in their private resistance. However, eventually, cheaters
are bound to invade. To overcome this inevitable outcome and maximize detoxifica-
tion efficiency, cooperators can be periodically reinoculated into the population. Our
study investigates the outcome of an evolutionary game combining both public and
private goods and demonstrates how environmental parameters can be used to con-

trol evolutionary dynamics in practical applications.

KEYWORDS
chemostat, detoxification, eco-evolutionary feedback, evolutionary game theory, public

goods game

time, microbes have played important roles in enhancing agriculture

and food production (Wolfe & Dutton, 2015), and more recently

Microbes can be detrimental or vital to our health, our environment,
and our economy. Much of applied microbiology strives to control
these species, by promoting the growth of beneficial species, and
suppressing that of harmful ones. We have achieved huge break-
throughs over centuries in eliminating pathogens and preventing
dangerous diseases in humans, animals, and plants. At the same

in the production of biofuels or other chemicals (Antoni, Zverlov,
& Schwarz, 2007; Giri, Shitut, & Kost, 2020; Quin & Schmidt-
Dannert, 2014; Ryan Georgianna & Mayfield, 2012), and in the
degradation or “bioremediation” of toxic compounds, such as heavy
metals or waste water (Atashgahi et al., 2018; Bertrand et al., 2015;
Dixit et al., 2015; Kang, Kwon, & So, 2016; Zaccaria et al., 2020).
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Despite these exciting advances, these approaches remain only par-
tially successful. In medical microbiology, the emergence of resistant
pathogens has led to a life-threatening global health crisis (Tacconelli
et al.,, 2018). On the engineering side, we lack sufficient understand-
ing to maximize the benefits gained from microbes, in terms of pro-
duction rates or the efficiency of degradation of toxic compounds
(Giri et al., 2020).

In all the examples above, there are two obstacles for controlling
microbes. First, microbes’ response to changes in their environment
and to the behavior of neighboring cells may cause the extinction
of species that contribute to community function or that protect
against pathogens (ecological instability). Second, their large popu-
lation size and short generation times mean that microbes quickly
acquire mutations that can lead to evolutionary instability. Species
can thereby gain resistance to antibiotics or lose their ability to per-
form a desired community function (Akita & Kamo, 2015; Bull &
Barrick, 2017; Kumar, Maschke, Friehs, & Schugerl, 1991; Rugbjerg,
Myling-Petersen, Porse, Sarup-Lytzen, & Sommer, 2018; Rugbjerg,
Sarup-Lytzen, Nagy, & Sommer, 2018). In the bioremediation of
heavy metals, for example, mutants that do not degrade these harm-
ful compounds may invade the original population (Ellis, Lilley, Lacey,
Murrell, & Godfray, 2007; O'Brien, Hodgson, & Buckling, 2014) and
exclude it. To optimize the functional efficiency of a microbial sys-
tem, therefore, we need to consider both ecological and evolution-
ary dynamics of microbial populations (Schuster et al., 2010).

In this study, we focus in on a bioremediation problem and de-
velop a mathematical model to investigate the simple case of a single
species degrading a toxic compound in a chemostat. We first explore
its ecological and evolutionary stability and, second, use this knowl-
edge to optimize the efficiency of toxin degradation over time. In our
model, we assume that toxins are harmful to the microbes (e.g., heavy
metals), who degrade them by secreting a costly product (e.g., extra-
cellular enzymes). The benefit of degrading toxins is shared by the
whole population as, for simplicity, our model does not include spatial
structure. Toxin degradation can therefore be regarded as a public
goods game (Broom, Pattni, & Rychtar, 2018; Samuelson, 1954), as de-
fined in microbiology (Hummert et al., 2014; Smith & Schuster, 2019;
West, Diggle, Buckling, Gardner, & Griffin, 2007). It is important to
note that not all bioremediation systems correspond to public goods
games (e.g., Roling et al., 2002; Smith, Graham, & Cleland, 1998), but
here we focus on a subset of these systems where the compound to
be degraded is toxic to the microbes and its degradation is costly. In
such a system, the evolutionary instability of bioremediation is ex-
pected (Ellis et al., 2007; O'Brien et al., 2014).

In our model, microbes can adopt one of four strategies: They
can be product secretors that pay a cost to contribute to the public
good (cooperators) or nonsecretors that do not (cheaters) (see O'Brien
et al. (2014) for an empirical example). In addition, microbes can be
sensitive to the toxins or can acquire resistance, for example, by acti-
vating efflux pumps to expel toxins from within the cell (Blair, Webber,
Baylay, Ogbolu, & Piddock, 2015; Bottery, Wood, & Brockhurst,
2016; Rojo-Molinero, Macia, & Oliver, 2019), or thickening the cell

wall. In essence, public good secretion can also be seen as a form of
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extracellular resistance to the toxin. In other words, here we consider
toxin resistance through private or public means, whereby a cell ben-
efits only itself or also the remaining population, respectively.

The population and evolutionary dynamics are then analyzed
using evolutionary game theory, where a strategy is considered to
be evolutionarily stable if it is not invaded by mutants with another
strategy (Maynard Smith & Price, 1973). Evolutionary game theory
typically considers the frequencies of strategies (i.e., frequencies
sum to one), for example, in the replicator dynamics (Cressman &
Tao, 2014). Here, however, since toxin concentration decreases with
the absolute number or density of degrader microbes (cooperators),
our model describes the dynamics of the densities of strategies (as in
Hauert, Holmes, and Doebeli (2006); Hauert, Wakano, and Doebeli
(2008); Gokhale & Hauert, 2016). And since the microbes’ death
rate depends on toxin concentration in the environment and their
resistance level, our model also includes environmental feedback (as
in Gong, Gao, and Cao ( 2018); Tilman, Plotkin, and Akcay (2020);
Weitz, Eksin, Paarporn, Brown, and Ratcliff (2016)), where each
strategy affects the environment differently, and the changing envi-
ronment affects the fitness of each strategy differently.

We use this model to derive a protocol for optimal toxin degra-
dation. We first show that cooperators that secrete toxin-degrading
enzymes are excluded by cheaters that do not, if they have the same
level of resistance to the toxin. This recapitulates a well-known result
that can be explained by the tragedy of the commons (Hardin, 1968).
However, we then show that cooperators can invade a population
of cheaters if their level of toxin resistance is different. Since we as-
sume that cheaters are unlikely to quickly acquire double mutations
leading to cooperators with a different resistance level, maintaining
degradation is only possible if we periodically inoculate these coop-
erators back into the chemostat. The success of this approach relies
on the ability of cooperators to invade cheaters of different resis-
tance. We then calculate the values of the experimentally controlla-
ble parameters (inoculation probabilities of cooperators, chemostat
dilution rates, and inflowing toxin concentrations) that maximize the
cumulative efficiency of detoxification.

In sum, our model combines population dynamics, evolution-
ary dynamics, and environmental feedback to optimize a popula-
tion-level function. Integrating ecology and evolution into microbial
public goods games is increasingly appreciated in microbial applica-
tions (Moreno-Fenoll, Cavaliere, Martinez-Garcia, & Poyatos, 2017;
Sanchez & Gore, 2013). And while optimizing bioremediation is the
case study we are considering here, our approach of controlling evo-
lutionary dynamics by changing environmental parameters can be

applied to many other microbial functions.

2 | MODEL

In our scenario (Figure 1a), cells can take on one of four strategies
depending on whether they produce the enzymes that degrade the
toxin (cooperate) or not (cheat), and whether the cells are resistant

to the toxin (resistant) or not (sensitive): sensitive cooperator (sCo),
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FIGURE 1 Schematic illustration of the model and examples of the dynamics. (a) In our scenario, a fluid with toxin concentration T,
flows into the chemostat, while the same amount of fluid with toxin concentration T flows out. The dilution rate of the chemostat is a. Each
cell can exhibit one of four strategies: sensitive cooperator (sCo), resistant cooperator (rCo), sensitive cheater (sCh), or resistant cheater
(rCh). Cooperators produce enzymes that degrade the toxin, while cheaters do not. The toxin kills cells depending on its concentration, but
resistant cells have a lower death rate compared to sensitive cells. Whether the cells are cooperators or cheaters is independent of their
resistance level and vice versa. (b-e) Examples of the dynamics in the absence of mutation are shown (a.u. = “arbitrary units”). In each panel,
the black solid line represents the toxin concentration T and the dashed black line the toxin concentration flowing into the chemostat T, .
Detoxification efficiency at each time-point is proportional to the vertical distance between dashed and solid black lines. Other colored lines
represent the cell densities of one of the four strategies (solid dark green: sCo, dashed dark green: rCo, thick lime green: sCh). (b) sCo grows
and degrades the toxins. (c) sCo is invaded and excluded by sCh. (d) rCo is invaded and excluded by sCo. (e) sCh is invaded and excluded by
rCo. Note that the initial conditions in (c-€) are the stable equilibria of the mono-culture of the resident strategies, while in (b) we begin with
a low density of sCo and T(0) = T;,. Parameter values are « = 0.1, T, = 0.2 (e) or 0.3 (otherwise), f, . =0.5,K,=0.2,r=1,¢,=0.15,¢,=0.2
(e) or 0.3 (otherwise), d, ., = 1, K. = 0.2 (e) or 0.3 (otherwise), K, = 0.6, and n = 1 (e) or 3 (otherwise)

max

sensitive cheater (sCh), resistant cooperator (rCo), and resistant At an equilibrium, W;(T)=1/ (1—ijj)should be satisfied for any
cheater (rCh). strategy i that exists in the chemostat (x; > 0). In addition, when

We begin by defining the bacterial population dynamics W(T) > Wi(T), strategy i increases faster or decreases slower than
in our system. The dynamics of the density x of each strategy strategy j. For simplicity, this basic model assumes that strategies
i€ {sCo,sCh,rCo,rCh} in a chemostat are defined by growth, death, cannot mutate into each other. We extend it to include mutations
and dilution out of the chemostat: in Appendix S5.

[Correction added on 13 August 2020, after first online publica- First, the intrinsic growth rates in this model differ depend-
tion: The equation 1 has been corrected.] ing on the costs each strategy pays. Cooperators pay a cost, ¢,

for producing degrading enzymes, which are regarded as a public
dx. . . L.
B | (1= ij _5,(D—al, (1) good since they reduce environmental toxicity and the death rate
dt 7 of all cells independently of their strategy. In addition, toxin re-

sistance carries a cost, ¢, Such fitness costs, where resistant cells

where r; is the intrinsic growth rate of strategy i due to nutrients have lower fitness than sensitive ones in the absence of toxins,
that are not explicitly defined in the model, 6(T) is the death rate of have been observed in many species (Andersson & Hughes, 2010;
strategy i given toxin concentration T, and « is the dilution rate. The Andersson & Levin, 1999; San Millan & MacLean, 2019). In con-
total densities of the four strategies Y;x; should be lower or equal to trast to the production of degrading enzymes, however, where all
one in Equation (1); that is, the carrying capacity is equal to one in cells benefit from decreased toxicity, the evolution of resistance
the absence of death or dilution. In this formulation, a useful proxy can be regarded as an investment into a private good, where only
for fitness is the ratio between intrinsic growth and death at a given the resistant cells themselves benefit. Assuming that the costs are
toxin concentration, whether death is by toxin or by dilution: additive, the intrinsic growth rate r; of each strategy is defined as

follows:
Wi (D= 5({)—” 2

rsCo:r(l_Cd) (3a)
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fsch=r (3b)
heo=r(1-c4—c,) (3c)
ren=r(1-¢), (3d)

where r is the maximum intrinsic growth rate.

Cellular death rate 5,(T) increases with toxin concentration T, and
is represented by a Hill equation as is common in models of death by
drugs (Chou, 2006):

™

6; (T;K) =dax Tt

(4)

where d__ is the maximum death rate, K; is the half maximal
toxin concentration of strategy i, and n is the Hill coefficient, which
determines the steepness of the function. Resistance can be mod-
eled either by increasing K; or decreasing n (Sampah, Shen, lJilek, &
Siliciano, 2011). Here, we assume that resistant cells have a larger K
than sensitive cells K, > K, such that they reach d __  at a higher toxin
concentration than the sensitive cells. Note that the toxin concen-
tration T changes over time, as described below.

TABLE 1 List of parameters X
Notation

a

r

Ho

my

T, || £y

Due to the dilution in the chemostat, a proportion of cells of each
strategy i flows out of the chemostat. The dilution rate into and out
of the system is denoted by a

To describe the population dynamics of each strategy, however,
it is necessary to also formulate the dynamics of the toxin concen-
tration because it affects the microbes’ death rate, and because the
toxin concentration changes over time as cooperators detoxify it.
The dynamics of the toxin concentration T in the chemostat are de-
fined by the concentration flowing into and out of the chemostat,
and detoxification by cooperators:

3—1 =aT,~f(xc,) T—aT, (5)
where T, is the toxin concentration flowing into the chemo-
stat, and f(XcO) is the degradation rate, which is assumed to follow a

Michaelis-Menten function:

_ Xco
f(XCo) - fmax XCo + Kd ’ (6)

where X¢, =Xsco +Xco that is, the sum of sensitive and resistant
cooperators. Whether cooperators are resistant or sensitive has no
impact on toxin degradation. K, represents the density of coopera-
tors x¢, that gives half the maximum of f(x. ). All parameters of the
model are listed in Table 1

Range Description

(0, 1] dilution rate of the chemostat

(0, 1] maximum intrinsic growth rate of
the microbe

(0, 1] cost of cooperation (production of
the degrading enzyme)

(0, 1] cost of resistance to the toxin

(0, 1] maximum death rate by toxin

[0,K.) half maximal effective toxin
concentration of the sensitive cells

(K, 1] half maximal effective toxin
concentration of the resistant cells

(0, o] Hill coefficient

(0, 1] toxin concentration flowing into the
system

(0, 1] maximum degradation rate of the
toxin

(0, 1] half maximal effective cooperator
density of the degradation rate

[0, 1] mutation probability in the function
of detoxification

[0, 1] mutation probability in the
resistance level

[0, 1] inoculation probability of sCo

[0, 1] inoculation probability of rCo
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As the goal of this study is to maximize the efficiency of detox- 3 | RESULTS
ification, we define detoxification efficiency¢ as the difference be-
tween the toxin concentration flowing into and out of the chemostat 3.1 | Allstrategies can persist in mono-cultures with

multiplied by the dilution rate: no mutation
¢ (T, T) = (T;,=T). (7) We first analyze whether cooperators and cheaters can persist in
mono-culture. Remember that only cooperators produce public
With this definition, ¢ is proportional to the amount of detoxi- goods that degrade the toxin and thereby increase the survival of
fied liquid and is composed of the degree of detoxification and the all cells in the chemostat. When a few cooperators (either sensitive
amount of liquid flowing out of the chemostat. Although this equa- or resistant, 0<x;(0)<« 1, i€ {sCo, rCo}) are introduced into the sys-
tion gives the efficiency at any time t, we mainly focus on the effi- tem, they increase and converge to an equilibrium of positive density
ciency at an equilibrium. (Figure 1b) if and only if
r>68 (Tyy) +a =W, (T,)>1, (8)
1 1
(b) sCo—rCo (c) rCo—sCo

(a) sensitive y
cooperator ]
resistant
cheater
@ '@,/ sCh 1> rCh
sensitive > X
cheater ,bbe' / }
3

RS 0.5
resistant '\"0\ © S
cooperator
()]
® L ,
05 0.5 % 0.5
S T
2 [(@ sCor>rCh (hy  rCh —sCo
m ©
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L — ) )
! (i) sCh— rCo ! )] rCo — sCh
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A—> B: Aisinvaded by B okt X o -
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——» concentration independent Inﬂowing toxin conc. T
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intermediate concentration invasible

FIGURE 2 Short-term evolutionary dynamics of pairwise invasions. (a, f) Diagrams of pairwise invasion analysis when a single mutation
(a) or double mutations (f) occur. A = B represents that A is invaded by B, and the color of each arrow shows the condition for successful
invasion. Black arrows represent successful invasion regardless of the toxin concentration, while pink and blue arrows represent toxin
concentration-dependent invasion (that invasion succeeds when the toxin concentration is low or high, or when the toxin concentrations are
intermediate, respectively). (b-e, g-j) Examples of an invasion state space for each pair of strategies. A = B represents that A is a resident
strategy and B is an invader. Pairs of sCo and sCh, and rCo and rCh are omitted since cheaters are fitter than cooperators in these pairs,
regardless of the parameter values. In the yellow areas, the resident strategies are not invaded by the invaders, while the invasion succeeds
in the orange areas. Each solid line is a boundary under which the resident strategy persists in mono-culture. The dashed line in each

panel represents where the fitness proxy W of resident and invader strategies are equal at an equilibrium reached in a mono-culture of the
resident strategy. Note that residents can coexist with invaders under certain conditions (see Appendix S3). Parameter values in (b-e, g-j)
aref,,, =0.5K;=02,r=1,¢,=0.15,¢,=0.2,d . =1,K =0.3,K,=0.6,and n = 3. Note that panels (b-e, g-j) are examples of the state

max max
space given the parameter values; different parameter values will show different invasion landscapes
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where i is the focal strategy (see Appendix S1 for derivation). By
solving dT/dt=0,dx;/dt=0, one can find a trivial equilibrium (x; = 0)

and one or more nontrivial equilibria (T“,x,f‘ >O) that should satisfy:

T
T*= @ n ,

atF () )

x'= _S(T) e (9b)

which we can calculate numerically using Newton's method.

In the absence of cooperators, we assume that the toxin con-
centration is equal to the incoming toxin because cooperators are
the only degrader cells. In the case of a mono-culture of cheaters
then, T=T,, regardless of cell density, and their density at a stable
equilibrium x7, i€ {sCh,rCh} is positive and given by Equation (9b) if
inequality (8) holds (see Appendix S1 for details). From now on, we
focus on conditions where cell density converges to a positive value
in mono-culture (i.e., where inequality (8) holds).

3.2 | Cheaters can invade a population of
cooperators

Next, we ask what happens when a cheater mutant invades a popu-
lation of cooperators at its nontrivial equilibrium or vice versa.
Cheater mutants can invade and exclude a population of cooper-
ators at any toxin concentration and independently of whether they
are both sensitive or both resistant, as long as the resident and mu-
tant have the same resistance levels (e.g., sCo and sCh) (Figures 1c,
and 2a). In contrast, cooperators are unable to invade a population
of cheaters of the same resistance level at any toxin concentra-
tion. These findings recapitulate the classical result that cheaters
will always dominate in a well-mixed environment (West, Griffin, &
Gardner, 2007) because cooperators pay a cost for producing de-
grading enzymes, but are as sensitive to the toxin as cheaters. In
other words, the tragedy of commons (Hardin, 1968) occurs in this

case.

3.3 | Toxin concentration determines invasion of
sensitive and resistant cells

For mutants that differ in their private resistance level (e.g., sCo
and rCo), the toxin concentration determines whether invasion suc-
ceeds or not (Figure 2b-e). Intuitively, this is because the benefit of
being resistant to the toxin is quite low when its concentration is
very low. Similarly, when toxin concentration is very high, the death
rate of the resistant strain is close to that of the sensitive strain and
too high to compensate for the cost of private resistance. Under
these conditions, sensitive cells can invade a population of resist-

ant ones (Figure 1D). Instead, resistant cells can invade a population

T, || £y

of sensitive cells when the toxin concentration in the chemostat is
intermediate. Two strategies that differ only in their resistance level

never stably coexist (see Appendix S3 for derivation).

3.4 | Cooperators can invade and coexist with
cheaters of different resistance levels

Thus far, we have considered whether mutants can invade a resident
population that differs in only one trait, their private or their pub-
lic resistance (i.e., cooperative toxin degradation). While we assume
that the time to reach an equilibrium following a single mutant inva-
sion is shorter than the time for a second mutation to occur, we nev-
ertheless explore invasions by such double mutants here (Figure 2f).
Depending on the concentration of toxins, rCo and sCh can invade
each other’s populations, as can sCo and rCh (Figure 2g-j). This de-
pendency on toxicity follows the same logic as for the invasion of a
resistant mutant into a sensitive population described above: When
the toxin concentration is intermediate, rCo has a much lower death
rate than sCh, and the benefit of resistance exceeds the sum of the
cost of cooperation ¢, and resistance c, (Figure 1e). If, on the other
hand, the toxin concentration is either too low or too high, resistance
to the toxin does not provide enough of an advantage to overcome
its cost, leading instead to the invasion of sCh into a population of
rCo. The same logic, albeit with different thresholds, can explain the
invasion of sCo into rCh and vice versa (Figure 2g-j). In sum, inva-
sions of double mutants into resident populations that differ in both
public and private resistance depend on toxin concentrations (see
Appendix S2).

Once a mutant has invaded, whether it will coexist with the res-
ident population is unclear because, as cooperators increase, toxin
concentration decreases, which changes the fitness landscape. In
other words, increasing cooperator density can decrease the fitness
difference between cooperators and cheaters. In Appendix S3, we
show that cooperators and cheaters of different resistance levels
(e.g., rCo and sCh) can indeed stably coexist at certain parameter
ranges. Nevertheless, these two coexisting strains can then be in-
vaded by cheaters with different resistance (e.g., rCh), which ex-
cludes the other two strategies (see Appendix S4). In other words,
cooperators are never evolutionarily stable because they can be in-
vaded and excluded by cheaters of the same resistance level, as we

show next.

3.5 | Inthe long-term, cooperators are unlikely to
be maintained

Having analyzed the outcomes of the invasion of all mutants in the
short-term (Figure 2a,f), we can now predict how the population in
the chemostat will change in the long-term. Regardless of which
type we start with, as cells mutate, the population will transition be-
tween different genotypic “states,” which can be represented by the

state transition diagram in Figure 3. The probability of cooperators
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mutating into cheaters or vice versa is given by y,, while u, is the

probability to change the level of resistance. For simplicity, we as-
sume that these mutation probabilities are very small. Once a mu-
tation occurs, we use Equation (1) as outlined above to take us to
the following equilibrium state. We assume that no further muta-
tions will occur before the equilibrium is reached, but relaxing this
assumption does not alter the overall dynamics (Appendix S7). For
example, sCh will appear in the population of sCo with probability x,
(1-p,) and exclude it. Then, rCh can appear in the population of sCh
with probability (1-x,) u,, but may invade or not, depending on the
toxin concentration (Figure 3).

Although in principle cooperators can invade a population of
cheaters that differ in the level of resistance (e.g., rCo can invade
sCh), (a) invasion success depends on a and T, , (b) double mutations
are expected to be rare (u, u, is close to 0), and (c) if a cheater mutant
of the same resistance as the cooperator invades (e.g., rCh), it will
dominate the population and replace the cooperators. Accordingly,
it is very difficult to maintain cooperators in the chemostat due to
natural selection. This brings us to one of the main findings of the
study: Even though cooperators and cheaters can coexist under
some conditions, to maintain costly microbial detoxification, it is
necessary to inoculate cooperators manually and to change a and
T., to favor their survival. Crucially, though, because cooperators
are able to invade cheaters of opposite sensitivity, these inocula-
tions can maintain cooperators—and thereby detoxification—in the
short-term. In the following sections, we show how to control the
values of a and T, and inoculation probabilities to maximize the

efficiency of detoxification.

FIGURE 3 Schematicillustration

of the state transitions for long-

term evolutionary dynamics. Arrows
represent state transitions resulting
from natural selection. Solid arrows
show transitions that are independent
of toxin concentration, and dashed
arrows transitions that depend on toxin
concentration, here depicted for a
given T, and a. The transition from sCo
to rCo and vice versa does not occur

if cooperators coexist with cheaters.
Values along the arrows represent state
transition probabilities

3.6 | Culture conditions can be controlled to
optimize detoxification efficiency

Ultimately, our goal is to maximize the efficiency of detoxification
¢, which depends on the absolute abundance of the two types of
cooperators in the chemostat. In turn, these abundances can be con-
trolled by changing the culture conditions through two parameters:
the dilution rate a and the toxin concentration flowing into the che-
mostat T; .

To maximize the objective function in Equation (7), we consider
three stable equilibrium states with different toxin concentrations
flowing out of the chemostat: (a) T =T,  when only cheaters are pres-

ent, regardless of the values of ¢ and T,

s (b) T=Tiwhen cooperators
i coexist with cheaters j, which have different resistant levels; and
(c) T=T; when only one type of cooperators i is present. In the latter
two cases, one can calculate the equilibria (analytically or numeri-
cally) and their corresponding detoxification efficiency ¢ for each
culture condition (values of @ and T, ). We can then find the optimal
culture conditions that maximize this efficiency (Figure 4), although
the equilibrium can be ecologically unstable for some parameter
values.

Intuitively, the maximum efficiency is larger in a mono-culture
of cooperators than in a co-culture of cooperators and cheaters of
different levels of resistance (see Appendix Sé). If cheaters can be

excluded from the population by changing « and T. , the optimal

in?
strategy for cultivation is (a) to exclude the cheaters by adjusting the
culture conditions and then (b) to change the culture conditions to

maximize the productivity of a mono-culture of cooperators.
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FIGURE 4 Optimal detoxification 1.0 1 ()]
at each equilibrium. The efficiency of
detoxification at an equilibrium state \
Pla, T.» T)givenaand T, is represented \ 0.06
by color in each panel: (a) only sCo, (b) 054 > 054
coexistence of sCo with rCh, (c) only ' \\ '
rCo, and (d) coexistence of rCo with sCh.
The red stars represent the maximum -
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FIGURE 5 Optimization problem assuming that resistance mutations do not occur. (a) A simplified schematic illustration of the state
transition diagram when u, = 0 and cooperators can exclude cheaters of different resistance levels. A —B represents a transition from state
A to state B. Colored arrows represent transitions that occur through the introduction of sensitive and resistant cooperators in blue and
pink, respectively. Dashed arrows indicate transient states where two strategies coexist. The full diagram containing 14 states is shown

in Figure A.9. (b) The optimal values of m, and m,, (the blue and pink solid lines, respectively) which maximize the cumulative efficiency
defined by Equation (S.67) calculated using Dynamic Programming. The two dashed lines represent the values of m; and m, which maximize
Equation (11). The initial state of the population is a mono-culture of sCo. Around 1,000 time steps, the optimal values of m, and m, for
Equation (S.67) converge to the values which maximize Equation (11). In practice, the detoxification efficiency at each of the 14 states of the
model as well the mutation probabilities would be experimentally measured and plugged into the model to calculate the values of m; and m,
that would maximize cumulative efficiency. The plot above was generated using the following fictitious values, as an illustration: x4, = 0.01,
u,=0,4=1{04,02,0,0.15,0.3,0.15,0,0.2,0.35,0.35,0.3,0, 0.2, 0}. See Appendix S7 for more detail

3.7 | Inoculating cooperators to optimize Assuming that we cannot observe the prevalence of each strategy
detoxification efficiency at will, the problem is how often to inoculate sensitive or resistant
cooperators to maximize detoxification efficiency over time. If co-

Above, we showed that even though they are unlikely to appear by operator inoculation probabilities are too small, cheaters will domi-

double mutation, cooperators can invade a population of cheaters if nate the population, leading to a detoxification efficiency of zero.
their level of resistance is different (Figure 3). Instead of waiting for If they are too large, we may inoculate cooperators unnecessarily
these mutants to arise naturally, it would be more efficient to manu- (e.g., sCo into a mono-culture of sCo) or when they cannot invade
ally inoculate cooperators into the population, and to change a and (e.g., sCo into a mono-culture of sCh). Such unfavorable inocula-

T,, to allow them to invade successfully and to exclude the cheaters. tions can be costly because they can require a higher inflowing toxin
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concentration T, ,

and result in reduced detoxification efficiency for
some time.

To optimize cooperator inoculation probabilities m; and m, for
the sensitive or resistant cooperators, respectively, we consider pop-
ulation state transitions as a Markov chain with discrete time steps s
and find the values of m; and m, that maximize the total amount of
toxin degradation (Figure 5a and S9). Transitions in this Markov chain
model can occur either due to mutations at probabilities u= (yl,yz)
or inoculations at probabilities m= (ml,mz), resulting in the transi-
tion matrix P (m;u). The state distribution vector z(s)= (ni(s))where
7, (s) is the probability that the population is in state i at time step
s (Ymi(s)=1for s=0, 1, ---, ). Because the Markov chain is ergodic
when cooperators can exclude cheaters that differ in their resis-
tance level (Figure 5a, but see Appendix S7 for a case where coop-
erators cannot exclude cheaters), the probability distribution of the
population states converges to a unique stationary distribution z*in
the limit of s = o, regardless of the initial distribution z(0):

(M) =n" (m;u) P(m; ). (10)

Even though the transitions are probabilistic, we assume that the
establishment of strategies following mutation or inoculation (i.e.,
short-term dynamics) is deterministic. Relaxing this assumption by
introducing an establishment probability ¢ into the transition matrix
P (m;u) does not change the ergodicity of the Markov chain, and we

Box 1 An example of optimizing detoxification
efficiency.

Imagine that we have set up the experimental system described,
and would like to compute the optimal inoculation probabilities.
We first need to define the Markov chain to make predictions,
and second, we need to experimentally measure the parameters
of our bacterial strains, in particular their degradation efficiency
¢; at each of the different states i of the Markov chain.

To establish the Markov chain, we begin with a few simplify-
ing assumptions: (i) that u, = O, such that cooperators can only
invade a population of cheaters that differ in the level of re-
sistance by inoculation, and (ii) that mutations and the manual
inoculation of a cooperator strategy can occur only in a mono-
culture (i.e., at most two strategies can exist simultaneously in
the population). We further assume that the parameters are in
a range where at certain (a, T, ), (iii) sCo and rCo can mutually
exclude each other, and (iv) sCo and rCo can exclude rCh and
sCh, respectively. Under these assumptions (we relax (i) below
and (ii)-(iv) in Appendix S7), the Markov chain consists of at
least 14 states: four mono-culture situations, six transient situ-
ations where two strategies coexist, and four situations where
the introduction of cooperators is unfavorable (see Fig. 5.9 for
the diagram). A simplified schematic of this model is shown in
Figure 5a.

arrive at the stationary distribution in the same manner. In Appendix
S7, we show how to calculate the expected cumulative efficiency of
detoxification @ from the beginning of the cultivation to time step
s (defined in Equation (A.67)). This calculation is somewhat cumber-
some, but for large s, @ is approximately proportional (see Appendix
S7) to the expected efficiency of detoxification at the stationary dis-
tribution z*:

B(mip) = qu,-ﬂ:}*(miu)- (11)

To maximize the expected cumulative detoxification efficiency
@, therefore, we can calculate m that maximizes Equation (11). In Box
1, we show an example of how to use this approach in practice.

4 | DISCUSSION

In this study, we have shown how to control the ecological and evo-
lutionary dynamics of a microbial population growing in a chemostat
in order to optimize the bioremediation of a toxic liquid. Public goods
games where cooperators increase the growth rates of surrounding
cells at a cost to themselves have been extensively studied, both
empirically and theoretically (Allen, McNally, Popat, & Brown, 2016;
Gokhale & Hauert, 2016; Griffin, West, & Buckling, 2004; Hauert

By experimentally measuring mutation probabilities u and detoxi-
fication efficiencies ¢ = (Cd),») for each state i, where Cis a positive
constant to change the time scale of ¢, into a discrete time step,
we can calculate the probability distribution z (s,m)= (7r,~ (s, m)) as
a function of time step s and inoculation probabilities m= (m,,m,)
. Then, Dynamic Programming (DP) provides the optimal m that
will maximize the cumulative expected detoxification efficiency ®
when the experiment finishes at time step s. Starting from a mono-
culture of sCo, the two solid lines in Figure 5b represent m, and
m, provided by DP given some fictitious yet reasonable values of
pand ¢. At first, the optimal values of m, and m, are zero, because
the state of the population is most likely to be a mono-culture of
sCo, in which case inoculating cooperators would be pointless.
However, as time passes, mutations will arise, and the population is
likely to transition to a state of sCh mono-culture; then, the optimal
values of m, and m, increase. At about 1,000 time steps, the op-
timal values of m; and m, converge to the values which maximize
detoxification efficiency at the stationary distribution ® described
by Equation (11). When x, > O (relaxing assumption (i)), the number
of states increases and the state transition diagram becomes more
complex. As long as the Markov chain is ergodic, however, it is pos-
sible to find the stationary distribution z#* and the optimal values of
m, and m, that maximize Equation (11). We show how to find the
optima for nonergodic Markov chains in Appendix S7.
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et al.,, 2006, 2008; Sanchez & Gore, 2013). Rather than increasing
the growth rate of others, cooperators in our model degrade toxic
compounds, which decreases the death rate of surrounding cells
(O'Brien et al., 2014). This scenario enables us to introduce the evo-
lution of resistance to the toxin, for example, through efflux pumps,
as a private good, which we base on studies of drug-dose effect and
resistance to it (Chou, 2006; Sampah et al., 2011). Unsurprisingly,
cheaters always exclude cooperators with the same private resist-
ance level because detoxification is costly (West, Griffin, et al.,
2007). We show, however, that because the benefit of private re-
sistance depends on the toxin concentration in the chemostat, co-
operators can invade a population of cheaters that differ in their
private resistance. The co-occurrence of two strains that differ both
in their degradation ability as well as their resistance level is unlikely
to suddenly arise by mutation, especially if we assume that muta-
tions are rare. To maintain the degradation of toxins, therefore, it is
necessary to periodically inoculate cooperators into the chemostat
while changing the dilution rate and inflowing toxin concentration to
guarantee invasion success.

Optimal values for these parameters (cooperator inoculation
probabilities, dilution rate, and inflowing toxin concentration) that
maximize the detoxification efficiency of the system can be calcu-
lated using our model. As input, the model requires experimental
measurements of growth and death rates of the chosen microbe and
its mutants (i.e., intrinsic growth rate of each strategy r, maximum
death rate d

tions K, K, and degradation efficiencies ¢ of cooperators).

max Hill coefficient n, median-effect toxin concentra-

Our model and its results can also apply to problems other than
bioremediation that involve survival in toxic environments. In essence,
we are studying the evolutionary dynamics of public resistance (which
is cooperative) and private resistance (which is not). Consider, analo-
gously, two types of antibiotic resistance mechanisms: Public mecha-
nisms are costly and benefit the producing cell as well as its neighbors
such as extracellular secretion of antibiotic-degrading enzymes (e.g.,
B-lactamases (Yurtsev, Chao, Datta, Artemova, & Gore, 2013)), and
private resistance mechanisms only benefit the producing cells, such
as efflux pumps. The evolutionary dynamics in a scenario whereby
cells can switch between these different resistance mechanisms and
being sensitive to the antibiotic correspond to Figure 2a,f. In this
case, however, an objective function would aim to minimize rather
than maximize the densities of the most resistant strains. Another
interesting aspect is that the benefits of resistance depend on toxin
concentration in the chemostat, which is affected by the density of
cooperators and the toxin concentration flowing into the chemostat.
In other words, the public goods game affects the benefit of the pri-
vate goods. This is why cooperators can invade a population of cheat-
ers when they differ in their resistance level (Figure 2f).

Of course, our model relies on a number of assumptions and fo-
cuses only on a subset of possible bioremediation systems. First, we
assume that only cooperators can detoxify. In reality, sensitive cells
(cooperators or cheaters) may decrease toxin concentrations by pas-
sively absorbing them (Bottery et al., 2016). Including toxin absorption

would not change our findings because (a) cooperators decrease toxin

T, || £y

concentration more effectively than cheaters with the same resis-
tance levels, (b) the invasion analysis is still valid, and (c) we can still
calculate the optimal inoculation probabilities as shown in Section 3.7.
If toxin absorption by sensitive cells is significant, sCh could be better
detoxifiers than rCo. In this case, it would be unnecessary to inoculate
rCo to optimize the detoxification efficiency. Second, we only con-
sider extracellular toxin degradation (e.g., by enzyme secretion), while
toxins can also be degraded inside cells (O'Brien & Buckling, 2015).
For intracellular degradation, a different functional form of detoxifi-
cation f(x. ) would be necessary, but we expect similar results as long
as this function increases monotonically with the density of coopera-
tors. Indeed, the invasion analysis is independent of the form of f(x. ).
Similarly, we assume that toxins kill the microbes and that their deg-
radation does not contribute to growth. In reality, many compounds
that are undesirable for humans are instead used as substrates by mi-
crobes (Atashgahi et al., 2018). This latter case is simpler than the one
we consider here, since detoxification is no longer cooperative and
there is no risk of cheaters arising and collapsing the system. Finally,
detoxification may carry a negligible cost, for example, if it the toxic
compound is neutralized by a change in pH, which occurs naturally
due to a microbe’s metabolism.

Another issue is how to define detoxification efficiency ¢. Rather
than Equation (7), one could, for example, define ¢ as the time
needed for the toxins to decrease to a negligible concentration. This
but not the
procedure to find the optimal introduction probabilities of cooper-

would change the optimal culture conditions @ and T, ,
ators m, which are independent of the formulation of ¢. Our model
also fixes some parameters, such as the Hill coefficient n, which
can evolve in reality (Sampah et al., 2011). Similarly, the cost of re-
sistance ¢, can decrease over time due to compensatory evolution
(Andersson & Hughes, 2010; San Millan et al., 2014). Allowing these
parameters to evolve would make it more difficult for sCo to invade
rCh because the relative fitness of rCh will increase.

We also assume that our system is well mixed and that there are
no spatial gradients within the chemostat. Spatial structure, for ex-
ample, whereby detoxifying enzymes diffuse slowly through the che-
mostat and have a patchy distribution can favor the coexistence of
cooperators and cheaters (Allison, 2005). Indeed, previous empirical
bioremediation studies have reported coexistence of cooperators
with cheaters (Ellis et al., 2007; O'Brien et al., 2014). Theoretically, this
may be due to a difference of resistance levels between cooperators
and cheaters as we show here, but a simpler explanation would be the
presence of spatial gradients. Relaxing the assumption of a perfectly
well-mixed chemostat would make the persistence of cooperators
easier. It may also increase the public benefit of toxin resistance, which
we have considered to be private here (Rojo-Molinero et al., 2019).

Finally, there may be other ways of periodically introducing co-
operators. Experimentally, our constant inoculation probabilities
represent a situation where stock strains of cooperators would be
manually added into the chemostat. If instead, multiple chemostats
are running in parallel, another way of introducing cooperators would
be to exchange certain amounts of fluids between chemostats.

Ecologically, this would correspond to migration among patches,
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and the optimal migration probabilities would depend on the prob-
ability distribution of the different strategies in each chemostat.
Comparing the optimal introduction probabilities and the cumulative
efficiency of detoxification between the model presented here and a
multi-chemostat system is left for future work.

In summary, we have combined an ecological model with evolu-
tionary game theory to develop a protocol for the control and optimi-
zation of a bioremediation system by microbes, and guard it against
collapse through the emergence of cheaters. More broadly speaking,
our scenario motivates the integration of important elements from
ecological models, such as population densities and environmental
feedback, into evolutionary game theory. In essence, our model can
be adapted to any practical applications involving costly microbial
traits, where manipulating environmental conditions can be used to
control evolutionary dynamics. Achieving this will allow us to better
anticipate evolutionary change in microbial systems that we strive
to control, whether this involves increasing toxin degradation as
we have shown here, the production of public goods such as useful
chemicals, or eliminating antibiotic resistant pathogens.

ACKNOWLEDGEMENTS

We thank Masato Yamamichi and Xiang-Yi Li for useful feedback on
the earlier versions of the manuscript. SS is funded by the Nakajima
Foundation and the University of Lausanne and SM by European
Research Council Starting Grant 715097.

CONFLICT OF INTEREST

There is no conflict of interest.

AUTHOR CONTRIBUTIONS
SS and SM conceived of the project, SS built and analyzed the model,
and SS and SM wrote the manuscript.

DATA AVAILABILITY STATEMENT

Python code and csv files used for simulations and analytic calcu-
lations are available at https://github.com/ShotaSHIBASAKI/Contr
ollingEvolutionadyDynamicsGitHub.

ORCID

Shota Shibasaki https://orcid.org/0000-0002-8196-0745
Sara Mitri https://orcid.org/0000-0003-3930-5357
REFERENCES

Akita, T., & Kamo, M. (2015). Theoretical lessons for increasing algal
biofuel: Evolution of oil accumulation to avert carbon starvation in
microalgae. Journal of Theoretical Biology, 380, 183-191. https://doi.
org/10.1016/j.jtbi.2015.05.027

Allen, R. C., McNally, L., Popat, R., & Brown, S. P. (2016). Quorum sens-
ing protects bacterial co-operation from exploitation by cheats. The
ISME Journal, 10(JANUARY), 1706-1716. https://doi.org/10.1038/
ismej.2015.232

Allison, S. D. (2005). Cheaters, diffusion and nutrients con-
strain decomposition by microbial enzymes in spatially struc-
tured environments. Ecology Letters, 8(6), 626-635. https://doi.
org/10.1111/j.1461-0248.2005.00756.x

Andersson, D. I., & Hughes, D. (2010). Antibiotic resistance and its cost:
Is it possible to reverse resistance? Nature Reviews Microbiology, 8(4),
260-271. https://doi.org/10.1038/nrmicro2319

Andersson, D. ., & Levin, B. R. (1999). The biological cost of antibiotic re-
sistance. Current Opinion in Microbiology, 2(5), 489-493. https://doi.
org/10.1016/51369-5274(99)00005-3

Antoni, D., Zverlov, V. V., & Schwarz, W. H. (2007). Biofuels from mi-
crobes. Applied Microbiology and Biotechnology, 77(1), 23-35. https://
doi.org/10.1007/s00253-007-1163-x

Atashgabhi, S., Sanchez-Andrea, |., Heipieper, H. J., van der Meer, J. R.,
Stams, A. J. M., & Smidt, H. (2018). Prospects for harnessing biocide
resistance for bioremediation and detoxification. Science, 360(6390),
743-746. https://doi.org/10.1126/science.aar3778

Bertrand, J.-C., Doumeng, P., Guyoneaud, R., Marrot, B., Martin-Laurent,
F., Matheron, R., ... Soulas, G. (2015). Applied microbial ecology
and bioremediation. In J.-C. Bertrand, P. Caumette, P. Lebaron, R.
Matheron, P. Normand, & T. Sime-Ngando (Eds.), Environmental mi-
crobiology: Fundamentals and applications (Chapter 16, 1st ed., pp.
659-753). Dordrecht, Netherlands: Springer, Netherlands. https://
doi.org/10.1007/978-94-017-9118-2.

Blair, J. M., Webber, M. A, Baylay, A. J., Ogbolu, D. O., & Piddock, L.
J. (2015). Molecular mechanisms of antibiotic resistance. Nature
Reviews Microbiology, 13(1), 42-51. https://doi.org/10.1038/nrmic
ro3380.

Bottery, M. J., Wood, A. J., & Brockhurst, M. A. Selective conditions for
a multidrug resistance plasmid depend on the sociality of antibiotic
resistance. Antimicrobial Agents and Chemotherapy, 60(4), 2524-2527.
https://doi.org/10.1128/AAC.02441-15

Broom, M., Pattni, K., & Rychta¥, J. (2018). Generalized social dilemmas:
The evolution of cooperation in populations with variable group
size. Bulletin of Mathematical Biology, 81(11), 4643-4674. https://doi.
org/10.1007/s11538-018-00545-1

Bull, J. J., & Barrick, J. E. (2017). Arresting evolution. Trends in Genetics,
33(12), 910-920. https://doi.org/10.1016/j.tig.2017.09.008

Chou, T.-C. (2006). Theoretical basis, experimental design, and com-
puterized simulation of synergism and antagonism in drug combi-
nation studies. Pharmacological Reviews, 58(3), 621-681. https://doi.
org/10.1124/pr.58.3.10

Cressman, R., & Tao, Y. (2014). The replicator equation and other game
dynamics. Proceedings of the National Academy of Sciences of the
United States of America, 111(Suppl 3), 10810-10817. https://doi.
org/10.1073/pnas.1400823111

Dixit, R., Wasiullah, Malaviya, D. Pandiyan, K., Singh, U., Sahu, A., ... Paul,
D. (2015). Bioremediation of heavy metals from soil and aquatic en-
vironment: An overview of principles and criteria of fundamental
processes. Sustainability, 7(2), 2189-2212. https://doi.org/10.3390/
su7022189

Ellis, R. J., Lilley, A. K., Lacey, S. J., Murrell, D., & Godfray, H. C. J.
(2007). Frequency-dependent advantages of plasmid carriage by
Pseudomonas in homogeneous and spatially structured environments.
ISME Journal, 1(1), 92-95. https://doi.org/10.1038/ismej.2007.11

Giri, S., Shitut, S., & Kost, C. (2020). Harnessing ecological and evolu-
tionary principles to guide the design of microbial production con-
sortia. Current Opinion in Biotechnology, 62, 228-238. https://doi.
org/10.1016/j.copbio.2019.12.012

Gokhale, C. S., & Hauert, C. (2016). Eco-evolutionary dynamics of so-
cial dilemmas. Theoretical Population Biology, 111, 28-42. https://doi.
org/10.1016/j.tpb.2016.05.005

Gong, L., Gao, J., & Cao, M. (2018). Evolutionary game dynamics for two
interacting populations in a coevolving environment. In 2018 IEEE
Conference on Decision and Control (CDC), pp. 3535-3540, https://
doi.org/10.1109/CDC.2018.8619801

Griffin, A. S., West, S. A, & Buckling, A. (2004). Cooperation and compe-
tition in pathogenic bacteria. Nature, 430(7003), 1024-1027. https://
doi.org/10.1038/nature02744


https://github.com/ShotaSHIBASAKI/ControllingEvolutionadyDynamicsGitHub
https://github.com/ShotaSHIBASAKI/ControllingEvolutionadyDynamicsGitHub
https://orcid.org/0000-0002-8196-0745
https://orcid.org/0000-0002-8196-0745
https://orcid.org/0000-0003-3930-5357
https://orcid.org/0000-0003-3930-5357
https://doi.org/10.1016/j.jtbi.2015.05.027
https://doi.org/10.1016/j.jtbi.2015.05.027
https://doi.org/10.1038/ismej.2015.232
https://doi.org/10.1038/ismej.2015.232
https://doi.org/10.1111/j.1461-0248.2005.00756.x
https://doi.org/10.1111/j.1461-0248.2005.00756.x
https://doi.org/10.1038/nrmicro2319
https://doi.org/10.1016/S1369-5274(99)00005-3
https://doi.org/10.1016/S1369-5274(99)00005-3
https://doi.org/10.1007/s00253-007-1163-x
https://doi.org/10.1007/s00253-007-1163-x
https://doi.org/10.1126/science.aar3778
https://doi.org/10.1007/978-94-017-9118-2
https://doi.org/10.1007/978-94-017-9118-2
https://doi.org/10.1038/nrmicro3380
https://doi.org/10.1038/nrmicro3380
https://doi.org/10.1128/AAC.02441-15
https://doi.org/10.1007/s11538-018-00545-1
https://doi.org/10.1007/s11538-018-00545-1
https://doi.org/10.1016/j.tig.2017.09.008
https://doi.org/10.1124/pr.58.3.10
https://doi.org/10.1124/pr.58.3.10
https://doi.org/10.1073/pnas.1400823111
https://doi.org/10.1073/pnas.1400823111
https://doi.org/10.3390/su7022189
https://doi.org/10.3390/su7022189
https://doi.org/10.1038/ismej.2007.11
https://doi.org/10.1016/j.copbio.2019.12.012
https://doi.org/10.1016/j.copbio.2019.12.012
https://doi.org/10.1016/j.tpb.2016.05.005
https://doi.org/10.1016/j.tpb.2016.05.005
https://doi.org/10.1109/CDC.2018.8619801
https://doi.org/10.1109/CDC.2018.8619801
https://doi.org/10.1038/nature02744
https://doi.org/10.1038/nature02744

SHIBASAKI anp MITRI

Hardin, G. (1968). The tragedy of the commons. Science, 162(June),
1243-1248.

Hauert, C., Holmes, M., & Doebeli, M. (2006). Evolutionary games
and population dynamics: Maintenance of cooperation in public
goods games. Proceedings of the Royal Society B: Biological Sciences,
273(1600), 2565-2571.

Hauert, C., Wakano, J. Y., & Doebeli, M. (2008). Ecological public goods
games: Cooperation and bifurcation. Theoretical Population Biology,
73(2), 257-263.

Hummert, S., Bohl, K., Basanta, D., Deutsch, A., Werner, S., Thei3en, G.,
... Schuster, S. (2014). Evolutionary game theory: Cells as players.
Molecular BioSystems, 10(12), 3044-3065.

Kang, C.-H., Kwon, Y.-J., & So, J.-S. (2016). Bioremediation of heavy
metals by using bacterial mixtures. Ecological Engineering, 89, 64-69.
https://doi.org/10.1016/j.ecoleng.2016.01.023

Kumar, P. K. R., Maschke, H., Friehs, K., & Schigerl, K. (1991). Strategies
for improving plasmid stability in bioreactors. Trends in Biotechnology,
9(8), 279-284.

Maynard Smith, J., & Price, G. R. (1973). The logic of animal conict.
Nature, 246(5427), 15-18.

Moreno-Fenoll, C., Cavaliere, M., Martinez-Garcia, E., & Poyatos, J.
F. (2017). Eco-evolutionary feedbacks can rescue cooperation in
microbial populations. Scientific Reports, 7(1), 42561. https://doi.
org/10.1038/srep42561

O'Brien, S., & Buckling, A. (2015). The sociality of bioremediation:
Hijacking the social lives of microbial populations to clean up heavy
metal contamination. EMBO Reports, 16(10), 1241-1245.

O'Brien, S., Hodgson, D. J., & Buckling, A. (2014). Social evolution of toxic
metal bioremediation in Pseudomonas aeruginosa. Proceedings of the
Royal Society B: Biological Sciences, 281(1787), 20140858.

Quin, M. B., & Schmidt-Dannert, C. (2014). Designer microbes for bio-
synthesis. Current Opinion in Biotechnology, 29(1), 55-61. https://doi.
org/10.1016/j.copbio.2014.02.014

Rojo-Molinero, E., Macia, M. D., & Oliver, A. (2019). Social behavior of
antibiotic resistant mutants within Pseudomonas aeruginosa biofilm
communities. Frontiers in Microbiology, 10(Mar): 570. https://doi.
org/10.3389/fmich.2019.00570

Réling, W. F. M., Milner, M. G,, Jones, D. M,, Lee, K., Daniel, F., Swannell,
R. J. P, & Head, |. M. (2002). Robust hydrocarbon degradation and
dynamics of bacterial communities during nutrient-enhanced oil
spill bioremediation. Applied and Environmental Microbiology, 68(11),
5537-5548. https://doi.org/10.1128/AEM.68.11.5537-5548.2002

Rugbjerg, P., Myling-Petersen, N., Porse, A., Sarup-Lytzen, K., & Sommer,
M. O. (2018). Diverse genetic error modes constrain large-scale bio-
based production. Nature Communications, 9(1): 787. https://doi.
org/10.1038/s41467-018-03232-w

Rugbjerg, P., Sarup-Lytzen, K., Nagy, M., & Sommer, M. O. A. (2018).
Synthetic addiction extends the productive life time of engineered
Escherichia coli populations. Proceedings of the National Academy of
Sciences of the United States of America, 115(10), 201718622. https://
doi.org/10.1073/pnas.1718622115

Ryan Georgianna, D., & Mayfield, S. P. (2012). Exploiting diversity
and synthetic biology for the production of algal biofuels. Nature,
488(7411), 329-335. https://doi.org/10.1038/nature11479

Sampah, M. E. S, Shen, L., Jilek, B. L., & Siliciano, R. F. (2011). Dose-
response curve slope is a missing dimension in the analysis of HIV-1
drug resistance. Proceedings of the National Academy of Sciences
of the United States of America, 108(18), 7613-7618. https://doi.
org/10.1073/pnas.1018360108

Samuelson, P. A. (1954). The pure theory of public expenditure.
The Review of Economics and Statistics, 36(4), 387. https://doi.
org/10.2307/1925895

San Millan, A., & MacLean, R. (2019). Fitness costs of plasmids: A limit to
plasmid transmission. In F. Baquero, E. Bouza, J. Gutiérrez-Fuentes,
T. Coque (Eds.), Microbial Transmission,Washington, DC: ASM Press.
https://doi.org/10.1128/microbiolspec. MTBP-0016-2017

T\ || £y

San Millan, A., Pefa-Miller, R., Toll-Riera, M., Halbert, Z. V., McLean, A. R,,
Cooper, B. S., & Maclean, R. C. (2014). Positive selection and compen-
satory adaptation interact to stabilize non-transmissible plasmids. Nature
Communications, 5, 1-11. https://doi.org/10.1038/ncomms6208

Sanchez, A., & Gore, J. (2013). Feedback between population and evo-
lutionary dynamics determines the fate of social microbial popula-
tions. PLoS Biology, 11(4), e1001547. https://doi.org/10.1371/journ
al.pbio.1001547

Schuster, S., Kreft, J.-U., Brenner, N., Wessely, F., Theissen, G., Ruppin, E.,
& Schroeter, A. (2010). Cooperation and cheating in microbial exoen-
zyme production - Theoretical analysis for biotechnological applica-
tions. Biotechnology Journal, 5(7), 751-758. https://doi.org/10.1002/
biot.200900303

Smith, P., & Schuster, M. (2019). Public goods and cheating in microbes.
Current Biology, 29(11), R442-R447. https://doi.org/10.1016/j.
cub.2019.03.001

Smith, V. H., Graham, D. W., & Cleland, D. D. (1998). Application of resource-ra-
tio theory to hydrocarbon biodegradation. Environmental Science and
Technology, 32(21), 3386-3395. https://doi.org/10.1021/es9805019

Tacconelli, E., Carrara, E., Savoldi, A., Harbarth, S., Mendelson, M.,
Monnet, D. L., ... Zorzet, A. (2018). Discovery, research, and devel-
opment of new antibiotics: The WHO priority list of antibiotic-resis-
tant bacteria and tuberculosis. The Lancet Infectious Diseases, 18(3),
318-327. https://doi.org/10.1016/51473-3099(17)30753-3

Tilman, A. R., Plotkin, J. B., & Akcay, E. (2020). Evolutionary games
with environmental feedbacks. Nature Communications, 11(1), 915.
https://doi.org/10.1038/s41467-020-14531-6

Weitz, J. S., Eksin, C., Paarporn, K., Brown, S. P., & Ratcliff, W. C. (2016).
An oscillating tragedy of the commons in replicator dynamics with
game-environment feedback. Proceedings of the National Academy
of Sciences of the United States of America, 113(47), E7518-E7525.
https://doi.org/10.1073/pnas.1604096113

West, S. A, Diggle, S. P., Buckling, A., Gardner, A., & Griffin, A. S. (2007).
The social lives of microbes. Annual Review of Ecology, Evolution, and
Systematics, 38(1), 53-77. https://doi.org/10.1146/annurev.ecols
ys.38.091206.095740

West, S. A., Griffin, A. S., & Gardner, A. (2007). Evolutionary explana-
tions for cooperation. Current Biology, 17(16), R661-R672. https://
doi.org/10.1016/j.cub.2007.06.004

Wolfe, B. E., & Dutton, R. J. (2015). Fermented foods as experimen-
tally tractable microbial ecosystems. Cell, 161(1), 49-55. https://doi.
org/10.1016/j.cell.2015.02.034

Yurtseyv, E. A., Chao, H. X., Datta, M. S., Artemova, T., & Gore, J. (2013).
Bacterial cheating drives the population dynamics of cooperative
antibiotic resistance plasmids. Molecular Systems Biology, 9, 683.
https://doi.org/10.1038/msb.2013.39

Zaccaria, M., Dawson, W., Cristiglio, V., Reverberi, M., Ratcliff, L.
E., Nakajima, T., ... Momeni, B. (2020). Designing a bioremedia-
tor: Mechanistic models guide cellular and molecular specializa-
tion. Current Opinion in Biotechnology, 62, 98-105. https://doi.
org/10.1016/j.copbio.2019.09.006

SUPPORTING INFORMATION
Additional supporting information may be found online in the

Supporting Information section.

How to cite this article: Shibasaki S, Mitri S. Controlling
evolutionary dynamics to optimize microbial bioremediation.
Evol Appl. 2020;13:2460-2471. https://doi.org/10.1111/
eva.13050



https://doi.org/10.1016/j.ecoleng.2016.01.023
https://doi.org/10.1038/srep42561
https://doi.org/10.1038/srep42561
https://doi.org/10.1016/j.copbio.2014.02.014
https://doi.org/10.1016/j.copbio.2014.02.014
https://doi.org/10.3389/fmicb.2019.00570
https://doi.org/10.3389/fmicb.2019.00570
https://doi.org/10.1128/AEM.68.11.5537-5548.2002
https://doi.org/10.1038/s41467-018-03232-w
https://doi.org/10.1038/s41467-018-03232-w
https://doi.org/10.1073/pnas.1718622115
https://doi.org/10.1073/pnas.1718622115
https://doi.org/10.1038/nature11479
https://doi.org/10.1073/pnas.1018360108
https://doi.org/10.1073/pnas.1018360108
https://doi.org/10.2307/1925895
https://doi.org/10.2307/1925895
https://doi.org/10.1128/microbiolspec.MTBP-0016-2017
https://doi.org/10.1038/ncomms6208
https://doi.org/10.1371/journal.pbio.1001547
https://doi.org/10.1371/journal.pbio.1001547
https://doi.org/10.1002/biot.200900303
https://doi.org/10.1002/biot.200900303
https://doi.org/10.1016/j.cub.2019.03.001
https://doi.org/10.1016/j.cub.2019.03.001
https://doi.org/10.1021/es9805019
https://doi.org/10.1016/S1473-3099(17)30753-3
https://doi.org/10.1038/s41467-020-14531-6
https://doi.org/10.1073/pnas.1604096113
https://doi.org/10.1146/annurev.ecolsys.38.091206.095740
https://doi.org/10.1146/annurev.ecolsys.38.091206.095740
https://doi.org/10.1016/j.cub.2007.06.004
https://doi.org/10.1016/j.cub.2007.06.004
https://doi.org/10.1016/j.cell.2015.02.034
https://doi.org/10.1016/j.cell.2015.02.034
https://doi.org/10.1038/msb.2013.39
https://doi.org/10.1016/j.copbio.2019.09.006
https://doi.org/10.1016/j.copbio.2019.09.006
https://doi.org/10.1111/eva.13050
https://doi.org/10.1111/eva.13050

