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Stochastic trade-offs and the emergence of diversification in E. coli evolution experiments
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Laboratory experiments with bacterial colonies under well-controlled conditions often lead to evolutionary di-
versification, where at least two ecotypes emerge from an initially monomorphic population. Empirical evidence
suggests that such an “evolutionary branching” occurs stochastically, even under fixed and stable conditions.
This stochasticity is characterized by (i) the occurrence of branching in a significant fraction, but not all, of the
experimental settings, (ii) the emergence at widely varying times, and (iii) variable relative abundances of the
resulting subpopulations across experiments. Theoretical approaches to understanding evolutionary branching
under these conditions have been previously developed within the (deterministic) framework of “adaptive
dynamics.” Here, we advance the understanding of the stochastic nature of evolutionary outcomes by introducing
the concept of “stochastic trade-offs” as opposed to “hard” ones. The key idea is that the stochasticity of
mutations occurs in a high-dimensional trait space and this translates into variability that is constrained to a
flexible tradeoff curve in a lower-dimensional space. By incorporating this additional source of stochasticity,
we are able to account for the observed empirical variability and make predictions regarding the likelihood
of evolutionary branching under different experimental conditions. This approach effectively bridges the gap
between theoretical predictions and empirical observations, providing insights into when and how evolutionary

branching is more likely to occur in laboratory experiments.
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I. INTRODUCTION

Understanding the origin and evolution of biological di-
versity is one of the central issues in evolutionary biology
[1-3]. Historically, diversification was primarily understood
in the context of allopatry, resulting from geographical isola-
tion between subpopulations of a common ancestral species
[4-8]. However, in recent years there has been a shift to
the consideration of sympatric diversification, which occurs
without spatial segregation. This has been driven by mounting
empirical evidence from both field and laboratory experiments
[9-22] as well as by the consolidation of adaptive dynamics
theory as a robust theoretical framework for addressing this
type of eco-evolutionary problem [23-31].

In the theory of adaptive dynamics, diversification is
understood as the consequence of evolutionary branching,
where two phenotypically distinct populations emerge from
an ancestral monomorphic one (see [23-27] and below).
Adaptive dynamics assumes the presence of a “resident popu-
lation,” usually considered to be monomorphic, from which
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“mutants” of the dominant phenotype emerge at a small
rate. This small mutation rate ensures that ecological and
evolutionary processes occur on separate timescales. These
concepts are mathematically encapsulated in the notion of
invasion fitness, which describes the dependence of a mutant’s
growth rate on the resident population. Specifically, the sign of
this growth rate determines whether the mutant will go extinct
or proliferate, eventually invading the resident population and
becoming fixed. Thus, adaptive dynamics can be seen as the
gradual phenotypic change of an entire population, evolving
uphill in the fitness landscape [23,24]. Importantly, owing to
the frequency-dependent nature of the invasion fitness, the
fitness landscape is a dynamic entity that changes as the pop-
ulation composition changes in phenotypic space.

Typically, this evolutionary process culminates in finding
a (local) maximum of the fitness landscape, where the pop-
ulation stabilizes. However, sometimes it may result in the
counterintuitive phenomenon of evolutionary branching. This
occurs when the endpoint of the gradient-ascending dynamics,
which simultaneously modifies the fitness landscape itself, is
a fitness minimum rather than a maximum [23-27]. At this
type of “singular point,” the population can only increase
its overall fitness by splitting into two subpopulations. Each
subpopulation can then separately ascend one side of the
fitness landscape, resulting in diversification into two distinct
lineages [23,24,27,32-34].

This form of adaptive diversification has been empirically
observed in a myriad of experiments. For instance, isogenic
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and well-mixed populations of E. coli have been reported to
evolve into (at least) two coexisting ecotypes with different
carbohydrate metabolisms, both in chemostats [14-16] and
in serial-dilution (batch) experiments [10,11,17,35-38]. In
chemostats, where the bacterial population is continuously fed
solely with glucose, one emerging subpopulation specializes
in consuming glucose, while the second specializes in scav-
enging acetate, a typical byproduct of glucose metabolism.
Conversely, in serial dilution experiments where both glucose
and acetate are added in cycles of serial dilutions, the differ-
ence between the emerging phenotypes lies in the time lag
required to switch to acetate consumption when glucose be-
comes depleted. For example, Treves et al. [16] reported that
6 out of 12 independent replicate evolutionary experiments in
a chemostat resulted in a stable polymorphism for up to 1750
generations. Similarly, Friesen et al. [10] observed clear di-
morphism in 5 out of 12 independent replicate serial-dilution
experiments after 1000 generations.

It is worth noting that despite the inherent stochasticity
of mutations, evolutionary branching turns out to be quite
reproducible, with a significant proportion of trials resulting
in stable dimorphism [10,13,14,16,36]. Nevertheless, signif-
icant trial-to-trial variability is also observed; in particular,
(i) diversification is reported in a large fraction, but not all,
of the experiments, (ii) it happens at broadly diverse times,
and (iii) the population fraction of the two emerging ecotypes
is variable across experiments [16].

Prior theoretical analyses within the adaptive dynam-
ics framework have demonstrated that simplified eco-
evolutionary models can undergo evolutionary branching
under the described conditions [10,31]. However, these ap-
proaches are deterministic in nature, leading to the prediction
of branching occurring in all or none of the realizations based
on certain modeling assumptions or parameter values. Specif-
ically, to replicate branching, previous studies relied on the
arbitrary selection of a mathematical function to represent
a “trade-off” between the different metabolic choices to be
optimized, while alternative choices of the trade-off curve did
not result in branching [10,31].

Trade-offs, often encapsulated by the idea that “you cannot
be good at everything,” are fundamental in ecological and
evolutionary modeling [39]. Typically, hard trade-offs, preva-
lent in modeling, reflect the notion that evolutionary pressures
drive organisms toward a Pareto front [40]. Here, improve-
ments in one task come with a cost to efficiency in others
[41]. In our context, a specific trade-off curve has been com-
monly assumed between the abilities to metabolize glucose
and acetate. However, selecting a precise trade-off curve is
often the least justified aspect of mathematical models. While
conceptually well founded, the experimental measurement
of trade-offs presents significant challenges [42,43]. Further-
more, as extensively debated in the literature, the choice of a
specific trade-off curve is pivotal as it fundamentally dictates
the occurrence or absence of evolutionary branching [24,44].
An elegant solution to circumvent this conceptual challenge
within the adaptive dynamics framework was proposed by de
Mazancourt and Dieckmann [44]. They devised a strategy to
assess, for any given eco-evolutionary model, the robustness
of the potential for evolutionary branching as the mathemati-
cal form of the trade-off function is altered (see below).

Our main goal here is to provide a theoretical and com-
putational framework to account for the observed variability
in the outcomes of controlled evolutionary-branching exper-
iments. We aim to achieve this by introducing the concept
of “stochastic” trade-offs, contrasting with the conventional
“hard” trade-offs, within the adaptive dynamics framework.
Here, stochastic trade-off implies that the population is not
bound to evolve along a rigid, predefined curve (Pareto front)
in phenotypic space, as is the case with hard trade-offs. In-
stead, it operates within a more flexible and extended region,
allowing for greater exploration of phenotypic diversity. As
we will show, by adjusting the width of this region, which
reflects the flexibility of the underlying bacterial metabolic
constraints, it is possible to effectively regulate the degree of
variability.

Let us remark that very recent theoretical works have
also reported variability in the emergence of diversification
across replicates [45,46]. In particular, in [45], the strict
trade-off is replaced by an upper bound for the consump-
tion rates of the different resources (i.e., the metabolic traits)
and the authors investigate the effect of clonal interference
(i.e., strong mutations [47]) and its role in fostering di-
versification under varying mutation rates. Conversely, in
[46], the authors examine the interplay between selection
and diversification by controlling the relative rates of purely
fitness mutations and resource-strategy mutations, exploring
the resulting regimes. Thus, in both studies, variability in
diversification is controlled by mutation rates. We also find
that larger mutation rates (beyond the infinitesimally small
mutation limit) enhance variability. However, in contrast to
previous studies, we propose an alternative source of vari-
ability that is independent of changes in the mutation rate:
a stochastic trade-off model, where variability arises from
the presence of a high-dimensional trade-off manifold rep-
resenting the underlying metabolic constraints between all
evolution-susceptible variables. Specifically, in our approach,
the variability of metabolic traits in the high-dimensional
manifold is captured by a stochastic evolution of phenotypic
traits in a lower-dimensional space (see below).

Given the limited availability of experimental data, it is
challenging to determine which mechanism best accounts for
the observed variability, and it is also possible that multiple
factors may contribute. However, we believe that the frame-
work we introduce is especially well suited for investigating
this problem because (i) we utilize a biologically realistic
ecological model fed with empirically fitted data to quantita-
tively describe the chemostat experiments [14—16] (although
the concepts could also be extended to analyze serial-dilution
experiments), (ii) we propose a straightforward extension of
the well-known framework of adaptive dynamics by adding
stochasticity into the trade-off, which allows for a controlled
inclusion of variability, (iii) we generalize our results for
a large family of trade-off curves, and (iv) we formulate
additional theoretical predictions about the emergence of di-
versification under varied experimental scenarios.

The paper is structured as follows: Section II introduces the
eco-evolutionary model and defines the concept of stochas-
tic trade-offs. Section III outlines the main findings, while
Sec. IV offers conclusions and delineates future research
avenues.
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II. ECO-EVOLUTIONARY MODEL BUILDING
A. Ecological dynamics

To gain insight into the results of E. coli evolution ex-
periments in chemostats, we first construct a simple yet
biologically realistic ecological model, inspired by existing
modeling approaches [31,48,49]. This model aims to quan-
titatively describe the bacterial population and integrate key
aspects of the experimental setups [14—16]. Specifically, it
encompasses the following components and characteristics:

(1) Initially, the bacterial population is monomorphic,
consisting of a large number of phenotypically identical in-
dividuals (of the order of 1013 cell L™! [48]), and it is cultured
in a glucose-limited chemostat [15,16].

(i1) Under the conditions of the experiment, when bacte-
ria metabolize glucose, they produce acetate due to overflow
metabolism (a phenomenon where fermentation is preferred
over respiration). This results in the excretion of acetate in
proportion to the amount of glucose that is consumed [15,50].

(iii) The excreted acetate acidifies the medium, which leads
to an overall slowing down of the total population growth
rate [48].

(@iv) Even if a strain emerges with the ability to metabolize
acetate, its consumption is typically repressed in the presence
of glucose, which is the preferred resource [49].

Considering these ingredients, one can write the following
set of (deterministic) differential equations for the total num-
ber of cells, N(¢), and the concentrations of glucose, G(¢), and
acetate, A(t), respectively, that represent the ecological (not
evolutionary) part of the dynamics:

dN G A G C,

dr K, 1 G K, tAC+G)C A
()
dG
— = D(Gy — G) — V;———N, 2
g = PE0—0) ‘K, + G @
dA G A G
— =BV, N -V, N—-DA. (3)
dt K, +G K,4+AC,+G

Observe first that all growth kinetics are described using
Monod’s functions [51]. For example, VgKg—iG (VaKaAﬂ) rep-
resents the consumption of glucose (acetate) at a maximum
growth rate per capita V, (V) and half-saturation constant K,
(K,). The factor involving C, controls the repression of acetate
consumption due to the presence of glucose, while the one
with C, represents the inhibition of overall growth caused
by acetate-induced acidification of the medium. y is the
conversion constant for biomass production from resources,
B determines the fraction of consumed glucose excreted as
acetate, D is the chemostat’s dilution rate, and Gy is the rate at
which glucose is supplied to the chemostat. The correspond-
ing numerical values of all these parameters are taken from
experimental measurements [14—16] and are specified in the
Supplemental Material (SM), Table I [53].

Thus, in a nutshell, the population N increases due to
the consumption of glucose and/or acetate. However, con-
sumption of acetate is inhibited due to catabolite repression

and overall growth is limited due to the acidification of the
medium caused by acetate.

B. Evolutionary dynamics

To complete the eco-evolutionary model, we must de-
fine the evolutionary part of the dynamics. This involves
determining which ecological parameters [e.g., constants in
Egs. (1)-(3)] are subject to change over time and which re-
main constant throughout the evolutionary process. Based on
experimental findings [14-16], it is evident that the abilities to
metabolize both glucose and acetate evolve over the course of
the experiments. Therefore, parameters such as V,, ¢, K, ,, and
C, are all potential candidates for evolution. For the sake of
simplicity, we opt for V, and V,—the maximum growth rates
in glucose and acetate, respectively, represented collectively
as V = (V,, V,)—to serve as evolving parameters. These pa-
rameters are allowed to vary across generations, defining the
metabolic strategy of each strain.

To incorporate evolution using adaptive dynamics, it is as-
sumed that once the ecological dynamics reach a steady state
[i.e., a state where Eqs. (1)-(3) with V = (V,, V) stabilize],
a “mutation” occurs. This implies that ecological and evo-
lutionary processes are considered to occur at well-separated
timescales. This mutation generates an individual mutant with
a slightly different phenotype, V' = (V;, V) # (V,, V,,). The
invasion fitness of this mutant, defined as its per capita growth
rate within the existing resident population, can be expressed
[from Eq. (1)] as

G* A* C
V/,V — V/ V/ 8
Cq
X — D, “)
C, + A*

where G* and A* represent the steady-state values of the glu-
cose and acetate concentrations, respectively, which depend
on the values of both V, and V, of the resident population.

Using the formalism of adaptive dynamics, in the (deter-
ministic) limit of small mutations, the evolution in phenotypic
space is determined by the canonical equation, describing
how the average phenotype in the population climbs up the
fitness landscape [26,27,30],

dv ,
o uVy f(V, V) , (5
V=V

where Vy = [aiv{’ %
mutation rate, which in the simplest case adopted here is just
a constant.

At this point, a specific trade-off function, denoted as V,, =
h(V,), is typically introduced. This function reflects the bio-
logical fact that enhancing one metabolic strategy comes at the
expense of efficiency in the consumption of the other, so that
both strategies cannot be altered independently [39]. This im-
plies that the canonical equation [Eq. (5)] needs to be modified
by an additional term to account for such a hard constraint,
as specified in the SM, Eq. (1) [53]. Analyzing the fixed
points of the resulting equation, along with the properties
(first and second derivatives) of the modified fitness gradient
at these points, one could determine whether the course of

] is the fitness gradient and p is the
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evolution (in the deterministic limit) leads to an evolution-
arily stable population or to the emergence of evolutionary
branching [52].

As discussed in Sec. I and explicitly demonstrated in
Sec. III, the previously described adaptive-dynamics model
coupled with a hard trade-off is deterministic. This means
that it either exhibits branching for every model realization
or it does not for any, depending on the specific shape of the
considered trade-off curve. Consequently, it fails to elucidate
the observed variability in the experiments such as the timing
of diversification (branching) events and the proportion of
the two emerging ecotypes over time. Let us remark that
stochastic effects in the context of adaptive dynamics have
already been considered in the literature. Wakano and Iwasa
[54] (and, more recently, some of us [34]) have shown that
finite-size effects in the population number may prevent the
system from undergoing evolutionary branching, even though
it is theoretically predicted to emerge at a deterministic level.
However, these effects become negligible for the very large
population sizes under consideration (here, N ~ 10'3).

To address stochasticity, we adopt a different approach. As
stated in Sec. I, we are interested in explaining properties
of the evolutionary experiments such as the time at which
a diversification (branching) event occurs and the fraction
of the two emerging ecotypes at a certain time. Therefore,
we need to build a framework capable of reproducing actual
stochastic evolutionary trajectories that follow, on average, the
behavior described by the canonical equation, but also allow
for variability.

Ideally, one would aim to construct a bottom-up approach
by defining an individual-based model where each individ-
ual has its own associated phenotype, allowing for evolution
through the combined processes of mutation and selection
to occur [26,34]. However, given the size of empirical pop-
ulations, typically around N ~ 10'3, such a “microscopic”
description is currently computationally unfeasible. There-
fore, as an alternative, we employ a framework adapted from
[55] (see Sec. III of the SM [53]), which represents an effec-
tive “mesoscopic” description of the evolutionary trajectories.
This approach does not directly deal with individual organ-
isms but rather with “groups” of them (subpopulations) that
share the same phenotype, i.e., individuals are clustered in
groups and one writes dynamical equations for the abun-
dances of such groups. Essentially, this involves considering
a collection of possible coexisting subpopulations, which ne-
cessitates (i) expanding the set of ecological equations to
account for multiple subpopulations instead of just one,
(i1) running the ecological dynamics for a sufficiently large
time as to reach a steady state, (iii) introducing an additional
equation for a new mutant subpopulation whose phenotype
slightly differs from the subpopulation from which it derives,
and (iv) iterating this eco-evolutionary process.

Two remarks are in order before proceeding: First, let us
recall that this framework, where the ecological dynamics
reach stationarity before new mutations appear —as custom-
arily assumed in adaptive dynamics [27]— corresponds to
the strong-selection weak-mutation regime [47]. Note that for
very large bacterial populations such as those studied here,
the number of mutations per unit time in the entire population
might be high [47]. Thus, the key implicit assumption is that

even if generic mutations occur at a high rate, those directly
affecting pathways involving the metabolism of acetate and
glucose are much rarer, allowing us to assume a large sepa-
ration of timescales between the ecological and evolutionary
dynamics. Experimental findings support this assumption,
showing that all acetate-scavenging strains acquired their abil-
ity to metabolize acetate through mutations in a specific gene
[16]. Therefore, although the overall mutation rate might be
high, mutations impacting that particular gene are much less
frequent.

Second, to achieve the strict limit of perfect timescale
separation in computational analyses, one would need to run
the ecological dynamics for an arbitrarily long time to ensure
that a steady state has been reached. Since the simulation
time is necessarily finite, what one actually analyzes is a
limit of a small, but not infinitely small, mutation rate, i.e., a
weak (but not infinitely weak) mutation limit. This is why the
algorithm accommodates a set of possible subpopulations,
i.e., a distribution in phenotypic space, instead of a single
population. In any case, one can perform analyses by pro-
gressively expanding the time of the ecological dynamics to
verify that the resulting distributions become sharper as the
time scale is enlarged.

C. Stochastic trade-offs

Here we introduce an additional source of stochasticity
to account for the experimental variability. Specifically, we
suggest the concept of a stochastic trade-off, wherein the pop-
ulation is not confined to a fixed trade-off curve in phenotypic
space, but can instead wander within a broader region with
fuzzy boundaries [56].

The concept of stochastic tradeoff can be rationalized as
follows (see, also, Fig. 1). The underlying metabolic con-
straints of bacteria are indeed the same for every realization
of the evolutionary experiments. However, such constraints
involve complex relations between the many variables that are
susceptible to evolution. In our case, we explicitly consider
the evolution of Vg, V, but, in principle, there are many other
variables, denoted generically as U, that could be affected by
overall (energetic, metabolic, etc.) constraints. These intricate
relationships can be mathematically modeled as a multidi-
mensional constraint manifold, akin to a high-dimensional
“Pareto front” as depicted in Fig. 1 [39,40]. In other words,
the actual trade-off involves a high-dimensional manifold,
rather than the two-dimensional one characterizing metabolic
preferences.

In such a framework, different experimental realizations,
originating from the same point in the high-dimensional
manifold (or Pareto front), can produce diverse trajectories
that diverge along distinct paths inside the manifold due to
the emergence of different mutations, which are intrinsically
stochastic. Therefore, as illustrated in Fig. 1, the evolutionary
trajectories when projected in the two-dimensional (V,, V,)
plane are generally not confined to a one-dimensional curve
and they may vary across experimental realizations. It is
thus reasonable to consider the effect of metabolic con-
straints as defining a wide region in the lower-dimensional
space of metabolic preferences, rather than as a strict
(one-dimensional) curve.
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FIG. 1. Schematic representation of the concept of stochastic trade-off. (a) Metabolic constraints of bacteria influence the outcome of
evolutionary experiments. (b) These constraints can be represented by a (topologically complex) manifold (gray shadowed surface), in the
multidimensional space formed by all the relevant variables for evolution, which in our case are V,, V, and the rest, v. Starting from the
same point, the different evolutionary trajectories corresponding to different realizations of the experiments can move freely in the high-
dimensional constraint manifold (golden curves), possibly giving rise to diversification events if they reach a singular point (yellow star). Thus,
the trajectories projected in the (V,, V,) plane (yellow lines) are restricted to a certain zone (blue area), but can be different from each other.
We model this constraint region, that is, the stochastic trade-off in the lower-dimensional manifold, by adding a temporarily correlated noise

on top of a certain fixed curve that stands as the average of possible trajectories (inset plot).

More specifically, we describe these constraints in the
(Vg, V) plane as a stochastic process (modeled as an Ornstein-
Uhlenbeck process with amplitude o and temporal correlation
7, as explicitly shown in Sec. II of the SM [53]), added as an
orthogonal perturbation to some central trade-off curve. This
curve stands as the average of trajectories and can be chosen
with large flexibility without affecting the conclusions (see
Sec. I of the SM [53]). Depending on the amplitude and tem-
poral correlations of the additional stochasticity, trajectories
are constrained to wander at tunable distances of the central
trade-off curve, allowing us to model the flexibility of the
metabolic constraints in the (V,, V,;) plane and, in turn, the
variability of the trajectories.

It is important to note that although selection in the two-
dimensional phenotypic plane tries to push trajectories away
from the average curve in the direction of increasing fitness,
where both V, and V, grow, our model “forces” the trajec-
tories to stay close to the average curve. This serves as an
effective way to model the constraints arising from the higher-
dimensional manifold where mutations can have a positive,
negative, or neutral effect when projected onto the (V, —V,)
plane.

In summary, the stochastic trade-off allows for the popu-
lation to navigate and randomly explore a broad phenotypic
region [in the (V,, V,) plane], effectively capturing the impact
of metabolic constraints, rather than being restricted to a fixed
trade-off curve.

III. RESULTS

A. Reproducibility and variability of experimental results

As illustrated in Fig. 2, computational analyses of the eco-
evolutionary (mesoscopic) model coupled with a stochastic
trade-off (as defined in Sec. II of the SM [53]) reveal that it
is able to account for evolutionary branching as well as for
the variability evinced in the experiments [16]. In particular,
Figs. 2(a)-2(c) shows three temporal snapshots of the evo-
Iution of the population in phenotypic space for a specific
realization of the model with the stochastic trade-off [as il-
lustrated in the inset of Fig. 2(b)] that ended up diversifying
in two highly specialized subpopulations.

Figure 2(a) represents the initial phase of the evolutionary
picture, in which a glucose-specialist population that produces
acetate evolves its ability to assimilate acetate because it is
evolutionarily favored, so that it starts moving progressively
“uphill.” Figure 2(b) shows the phase in which the population
has accumulated some variability and—upon arriving to a
singular point—splits in two main ecotypes due to disruptive
selection: one more specialized in acetate and the other still
relying predominantly on glucose consumption. Figure 2(c)
illustrates the final phase, where the two branched types
diverge, each becoming increasingly specialized in metabo-
lizing one of the two carbon sources. This divergence thus
gives rise to the two distinct ecotypes observed in the exper-
iments: the glucose specialist and the acetate scavenger. This
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FIG. 2. Reproducibility and variability of evolutionary branching in our mesoscopic model with a stochastic trade-off. (a)-(c) Sub-

populations in phenotypic space (represented by a red circle whose radius is proportional to its abundance) for three different times
along the evolutionary trajectory, i.e., (a) before branching, (b) during branching, and (c) after branching, for one specific realization with
o = 4x107*. The inset in (b) is a zoom in the region close to the branching point (yellow star), where d &~ 10~ is the maximum distance
from a subpopulation to the average of the stochastic trade-off. (d) Percentage of realizations (number of them N, = 200) that undergoes
evolutionary branching for different amplitudes of the stochastic trade-off. (e)—(g) Probability density distributions across experiments (number
of realizations N, = 500) of (e) branching times for different stochastic trade-off amplitudes (with dashed lines highlighting the shift in the
peaks of the distributions), and fraction of acetate scavengers at different times for (f) o = 0 and (g) 0 = 3x 10~ (see Sec. IV of the SM [53]).
The system’s parameters for all the plots are 8 = 0.25 and those specified in the SM, Table I [53], where the shown V,, are rescaled with
respect to the table value as V,, = yVa‘;‘gle with y = 4.5x10'°. The stochastic trade-off parameters are (,, b;,, ¢;r, T) = (83.3, —3.5,0.03, 10)
(see Sec. V of the SM [53] for definitions and further information). Evolutionary simulations are carried out as described in Sec. III of the SM

[53].

evolutionary picture is fully compatible with the one described
in the experiments [15].

On the other hand, Fig. 2(d) summarizes the amount of
realizations that starting from a glucose-specialist popula-
tion and with the same parameters as in Fig. 2(a), ended
up undergoing evolutionary branching at a maximum evolu-
tionary time (arbitrarily fixed to M = 3x10%) for different
amplitudes of the stochastic trade-off region, as obtained by
varying the noise parameter o for constant t. In this way, by
tuning the noise amplitude—or, equivalently, the flexibility of
the metabolic constraints—the model is able to account for the
experimental fact that diversification is observed in variable
proportion of the experiments.

Furthermore, as shown in Figs. 2(e)-2(g), the model can
also explain the empirically observed variability in both the
branching times and the proportion of acetate scavengers after

population splitting. Indeed, Fig. 2(e) reveals that branching
times—estimated as explained in Sec. IV of the SM [53]—are
variable and their distribution depends on the noise amplitude
o. One can observe that in the case with a “hard” trade-off
(i.e., 0 = 0), branching occurs almost always at the same time
(strongly peaked distribution), but the standard deviation of
the noise o—or, equivalently, the amplitude of the trade-off—
increases, where the distributions of branching times become
wider and shift further to the right, corresponding to longer
branching times. On the other hand, Fig. 2(f) shows that the
distribution of the fraction of acetate scavengers at different
times after branching is sharply peaked in the case with a hard
trade-off, whereas the case of stochastic trade-off in Fig. 2(g)
shows a much broader distribution.

As previously mentioned, the finite widths that emerge in
the absence of stochasticity in the trade-off (i.e., for o = 0)
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FIG. 3. Branching feasibility and the fraction of realizations that undergo branching. (a) Branching feasibility plot: contour plot that
illustrates in phenotypic space the range of local curvatures of the hard trade-off that allows evolutionary branching. This curvature range
can also be interpreted (with the stochastic trade-off idea) as the likeliness of having evolutionary branching at each point. (b),(c) Percentage
of realizations (total number, N, = 200) of the eco-evolutionary model with the stochastic trade-off that undergo evolutionary branching for
two different maximum evolutionary times, t™* = 2.5x10* and ™ = 5x10*, at different points in phenotypic space (that have different
curvature range or, equivalently, different branching feasibility). Points in (b) are those in yellow in (a) and & = 10~. Points in (c) are those
in brown in (a) and 0 = 3.5x107*. The system’s parameters are 8 = 0.25 and those specified in the SM, Table I [53], where the shown V,/,
are rescaled with respect to the table value as V,,;, = yV;;‘;'e with y = 4.5x10'. The stochastic trade-off parameters are T = 10 and the others
are obtained for each point shown in (a) as specified in Sec. II of the SM [53] with § = 0.25. Eco-evolutionary simulations are carried out as

described in Sec. III of the SM [53].

arise from the limited time allowed for the ecological dynam- To this aim, we make use of the formalism proposed by
ics to stabilize. This is because we assume weak mutations, de Mazancourt and Dieckmann [44]. As originally developed,
but not the infinitely weak mutation limit. As a result, clonal such a framework allows one to analyze geometrically the
interference and the intrinsic randomness of the evolutionary possible evolutionary outcomes that can occur in the deter-
algorithm may occur (see Sec. III of the SM [53]). We have  ministic setting without imposing a specific mathematical

computationally verified that the distributions gradually nar- function for the trade-off (for the sake of completeness, an
row as the time allowed for the ecological dynamics to reach overview of the method is described in Sec. I of the SM
equilibrium is extended (data not shown). [53]). In particular, within this formalism, one can construct

Therefore, assuming the data could be explained with a  plots such as that of Fig. 3(a), providing information on how
hard trade-off, one should see practically the same fraction  independent evolutionary branching is of the specific mathe-
for different realizations if measured at the same times, while matical form of the hard trade-off. More specifically, it gives,
assuming a stochastic trade-off, one should observe signifi- at each point in phenotypic space, a measure of the range of
cant differences even if measured at same times. Although  possible local curvatures of the hard trade-off function that
experimental data for branching times and fractions are scarce allows the model to undergo evolutionary branching at such
to allow for a quantitative comparison, our results suggest a point, thus quantifying the robustness of branching against
that the empirical observations are best represented by the changes in the shape of the trade-off function (see Sec. I
stochastic case [16]. of the SM [53]). Regions where the range of possible local
curvatures is small [deep blue in Fig. 3(a)] allow the model
to undergo evolutionary branching deterministically only for
very specific (fine-tuned) trade-off curves. Instead, in regions
where the curvature range is high [light green in Fig. 3(a)],

As already discussed in Sec. I, the specific evolutionary ~ evolutionary branching occurs deterministically for a larger
outcomes of eco-evolutionary models crucially depend on the ~ family of possible trade-off functions (see Sec. I of the SM
form of the trade-off [24,44]. Therefore, in order to generalize [53] for further details).
the results found in Sec. IIT A without relying on a specific Now, we would like to see how this (deterministic) for-
form of the (mean) trade-off curve, one needs a framework malism could be reinterpreted when we include the idea of
that is able to discern whether a given ecological model  stochastic trade-offs. It turns out that by using stochastic trade-
equipped with a certain set of parameter values is able to  offs, the previous plots [e.g., Fig. 3(a)] can be interpreted as
undergo evolutionary branching (or not) independently of the evolutionary-branching feasibility plots, i.e., graphs showing
specific form of the trade-off. the regions in phenotypic space where it is more likely to

B. Branching feasibility and trade-off (in)dependence
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see an evolutionary-branching event. In other words, regions
in phenotypic space where branching is more robust against
changes in the specific form of the hard trade-off correspond
to regions in phenotypic space where branching is more likely
to happen with the stochastic trade-off, and vice versa.

To justify this claim, we employ without loss of gener-
ality our eco-evolutionary model with a certain stochastic
trade-off, whose average curve produces branching deter-
ministically (i.e., in the o = 0 limit) at a selected point in
phenotypic space (see Sec. II of the SM [53] for further
details of how the stochastic trade-off is built). Then, as il-
lustrated in Figs. 3(b) and 3(c), points where deterministic
branching depends weakly on the specific form of the hard
trade-off—i.e., points where the range of local curvatures
of the hard trade-off that allow branching is larger [brighter
colors in Fig. 3(a)]—correspond, in the stochastic trade-off
case, to more realizations that end up experiencing diversifi-
cation at that point, and vice versa. Note, however, that in this
framework, we can only work out the relative probabilities of
branching. In other words, we can only indicate whether or not
one branching condition is relatively more likely compared to
another one.

Let us, however, remark that this mapping between the
range of curvatures and feasibility of branching is quanti-
tatively conditioned by the maximum evolutionary time of
the realizations, o, As both Figs. 3(b) and 3(c) show, the

> “evo

higher ¢3%, the larger is the probability to observe evolu-
tionary branching. This intuitive fact—i.e., the increase in
the number of experiments that show diversification with the
duration of such experiments—is indeed also observed exper-
imentally [16]. Furthermore, Figs. 3(b) and 3(c) illustrate that
the mapping is also quantitatively affected by the amplitude
of the stochastic trade-off (controlled by o). In agreement
with Fig. 2(d), the smaller o, the higher the probability of
having evolutionary branching. In fact, in the hard trade-off
limit where ¢ = 0 and the trade-off reduces to its average
curve (which is chosen such that it undergoes branching),
evolutionary branching occurs deterministically at almost the
same times [as shown in Fig. 2(g)], independently of the point
in phenotypic space.

Therefore, interpreting Fig. 3(a) as a branching-feasibility
plot, we observe that branching is more likely for low values
of V,, which agrees with the reported picture of the evolution
experiments given in [15]. As shown in Sec. III C of the SM
[53], the specific contour pattern highly depends on the con-
ditions of the experiment, that is, the concentration of glucose
in the environment supplying the chemostat, Gy, the dilution
rate d, and the proportion of the consumed glucose that gets
excreted as acetate, 8. Thus, Fig. 3(a) reveals essentially that
the system, under these specific environmental conditions, is
rather likely.

C. Theoretical predictions for different experimental values

As demonstrated, our model incorporating stochastic trade-
offs effectively accounts for both the repeatability and
variability of evolutionary branching observed in experimen-
tal data. Additionally, it provides insights into the regions in
phenotypic space where branching is more likely to occur
through the previously mentioned branching-feasibility plots.

In this section, we illustrate how these plots can be interpreted
to make theoretical predictions regarding the emergence of
branching under different experimental conditions.

In particular, Figs. 4(a)—4(c) clearly illustrate that higher
concentrations of glucose in the environment supplying the
chemostat (Gy) generally increase the likelihood of branching.
This is further verified in Fig. 4(d). Similar to Figs. 3(b)
and 3(c), we use the same stochastic trade-off parameters for
the three different environments whose average curve induces
deterministic branching at a selected point. As evident in
the histogram, the higher the glucose supply, the greater the
number of realizations that undergo evolutionary branching.
Moreover, the similarity in the contour pattern shape to that in
Fig. 3(a) is attributed to the fact that the proportion of available
acetate (i.e., B in this case) remains the same.

On the other hand, if an acetate concentration A is added
to the medium supplying the chemostat [Figs. 4(e)-4(g)],
the pattern in the contour plot shifts and the likelihood of
branching increases in different areas of the phenotypic space.
This shift occurs because the added acetate concentration in-
creases the proportion of available acetate (i.e., 8 + Ag/Go).
Figure 4(h) shows the number of realizations that undergo
branching for the same stochastic trade-off in the three dif-
ferent environments, demonstrating that environments with
higher acetate supply are more likely to experience branching.

Finally, it becomes clear from Figs. 4(i)—4(k) that the
dilution rate is also a crucial parameter for the emergence
of branching. Specifically, higher values of D significantly
reduce the likelihood of branching, as illustrated in Fig. 4(1).

In summary, the proposed reinterpretation of the formalism
developed by de Mazancourt and Dieckmann [44], incorpo-
rating stochastic trade-offs, not only generalizes our results to
encompass a wider range of trade-offs, but also enables us to
compare the likelihood of observing branching under different
experimental conditions. This provides a deeper understand-
ing of the theoretical foundations of branching and may help
in making more accurate predictions as well, as in the design
of future experiments.

IV. DISCUSSION

Understanding the mechanisms that generate, promote, and
stabilize biological diversity stands as a challenging task.
Microbiology experiments are particularly suited for this
since the rapid adaptation/evolution of microorganisms allows
one to empirically study evolution over relatively short time
periods [57]. Here, we focused on a particular type of ex-
perimental setup in which a well-mixed isogenic population
of E. coli is maintained on a glucose-limited chemostat over
thousands of generations [14—16]. After a sufficient number of
generations, a number of different experimental works report
a splitting of the ancestor lineage into two different ecotypes
(or strains) distinguished by their carbohydrate metabolism:
the first one specializes in the consumption of glucose, while
the second preferentially consumes a byproduct of glucose
metabolism, i.e., acetate. This constitutes an illustrative ex-
ample of the emergence of crossfeeding and the generation of
complex communities/ecosystems even in the presence of few
resources [49].

043199-8



STOCHASTIC TRADE-OFFS AND THE EMERGENCE OF ... PHYSICAL REVIEW RESEARCH 6, 043199 (2024)

0.02 300 2 (1004
a2 <
[2} o3
200 8 <
©
> 0.01 o _% 50
10E ¢
[$] ]
§ @
0.00 0 @ 0- :
0.01 002 0.03 0.04 0.01 002 0.03 0.04 0.01 002 0.03 0.04 Left Center Right
9
0.04 z ™i004
(e) 225 5~
0.03 7 &
(] (o))
~%0.02 0w 2]
£ ¢
0.01 B 5 s
§ o
0.00 0 @ 0- :
0.01 0.02 0.03 0.04 0.01 002 0.03 0.04 0.01 002 0.03 0.04 Left Center Right
0.03 200 2 () 1004
3
o
0.02 150 § £
o L2
> 100 o = 50
0.01 € 2
5 2 o
g m
0.00 L= o @ . -
0.015 0.03 0.045 0.06 0.015 003 0.045 0.06 0045 . Left Center Right
V
g Q Q

FIG. 4. Branching feasibility and the percentage of realizations that undergo branching for different experimental conditions.
(a)—(c) Branching-feasibility plots for different values of glucose concentration in the environment supplying the chemostat: (a) Gy = 260, (b)
Gy = 694, and (c) Gy = 3469, all of them in umol/L. (d) Number of realizations that undergo branching at the point depicted in (a)—(c) for the
same stochastic trade-off with (a;,, b;,, ¢, T, 0) = (88.2, —2.5,0.014, 10, 6x 10~*) (see the SM [53] for definitions and further information).
(e)—(g) Branching-feasibility plots for different values of acetate concentration in the environment supplying the chemostat: (e) Ao = 100,
(f) Ay = 260, and (g) Ap = 1000, with all of them in mol/L. (h) Number of realizations that undergo branching at the point depicted in (e)—(g)
for the same stochastic trade-off with (a,,, b, ¢;r, T, 0) = (164.3, —=3.6,0.011, 10, 5% 10™*). (i)—(k) Branching-feasibility plots for different
values of the dilution rate: (i) D = 0.0015, (j) D = 0.006, and (k) D = 0.015, with all of them in 1/min. (1) Number of realizations that undergo
branching at the point depicted in (i)—(k) for the same stochastic trade-off with (a,,, b;,, ¢;/, T, 0) = (65.5, —=5.6, 0.088, 10, 1.2x 10*). The
total number of realizations for the histograms is N, = 200. The remaining parameters specified in the SM, Table I [53], where the shown V,,

are rescaled with respect to the table value as V,/, = y V%% with y = 4.5x10'°.

a/g

Previous work [31] showed, in the context of adaptive dy-
namics, that a simple eco-evolutionary model can explain, in a
parsimonious way, such a diversification event as the result of
evolutionary branching. For this, one assumes a specific (hard)
trade-off function between the evolving metabolic pheno-
types, describing the relative preference for glucose, acetate,
or a combination of both. Nevertheless, such an approach
is deterministic in nature, i.e., either predicts that branching
should be observed or not depending on the chosen trade-off
analytical form. Therefore, it is not appropriate to explain
the empirically observed stochasticity in the emergence of
diversification and the variability both in branching times and
in the relative weights of the emerging populations.

Alternatively, in this work, we propose the idea of a
stochastic trade-off that stands as an effective representation
of the underlying metabolic relations that constrain the evolu-
tion of bacteria in a high-dimensional phenotypic space. This
high-dimensional space includes factors beyond those directly
controlling metabolic preferences. The projection of a given
mutational trajectory in such a high-dimensional manifold
onto the two-dimensional phenotypic space of glucose-acetate
preference does not need to be constrained to a simple

curve (as illustrated in Fig. 1). Thus, instead of forcing the
evolutionary trajectories in a lower-dimensional metabolic-
preference space fixed trade-off curve, stochastic tradeoffs
allow the populations to move in a wider region in such a
space, introducing a new source of variability along such
a space. In other words, the stochasticity of mutations in
a high-dimensional feature space translates into variability
that is not strictly constrained to a one-dimensional curve
in the space of preferences, but rather to a flexible tradeoff
curve. Mathematically, the stochastic trade-off is character-
ized by a central curve that stands as the average of the
different trajectories, the correlation time t that defines how
fast the trajectories go back to this average curve and its
amplitude, which, for fixed 7, is determined by o and de-
fines the width of the (fuzzy) region where populations can
evolve.

Thus, we have built a biologically plausible eco-
evolutionary model [see Egs. (1)-(3)], fed with experimen-
tally measured parameters (see the SM, Table I [53]) and
equipped with the mentioned stochastic trade-off. We have
shown that such a model is indeed able to account for the
variability reported in the experiments (Fig. 2). In particular,
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contrary to existing models, it does reproduce (i) the fact that
branching occurs in a large proportion, but not all, of the real-
izations [Figs. 2(a)-2(d)], (ii) it may happen at considerably
different times [Fig. 2(f)], and (iii) the fraction of acetate
scavengers at a certain time is variable across experiments
[Figs. 2(g) and 2(h)].

By reinterpreting the formalism of de Mazancourt and
Dieckmann [44] with the concept of a stochastic trade-off,
our model generalizes the results for a broader family of
trade-offs. In addition, we have developed what we term the
branching-feasibility plot [Fig. 3(a)], which quantifies the
likelihood of branching at various points in phenotypic space
for a general set of stochastic trade-offs. We have verified
this by plotting the number of realizations that undergo evo-
lutionary branching at different points in phenotypic space
[Figs. 3(b) and 3(c)]. In summary, the branching-feasibility
plot for our model indicates that for a wide range of stochastic
trade-offs, this type of chemostat system is quite likely to
undergo a diversification event, especially for low values of
V.. This justifies its repeated, albeit variable emergence in
actual experiments.

It is also noteworthy that the framework we have devised
here allows for theoretical predictions regarding the like-
lihood of observing branching under various experimental
conditions. Indeed, in Fig. 4, we demonstrate how differ-
ent experimental parameters can influence the probability of
branching and how the region in phenotypic space where
branching is most likely can vary. Specifically, we have shown
that increasing the amount of glucose and/or acetate sup-
plied to the system makes evolutionary branching more likely,
whereas increasing the dilution rate can make branching al-
most impossible. Therefore, this framework provides us with
a deeper theoretical understanding of the factors controlling
diversification in real experiments. Furthermore, predictions
from the model can be easily tested experimentally by repeat-
ing the evolutionary experiments under different conditions
and comparing the percentage of realizations that result in
diversification.

The theoretical analyses made in this work assume, as is
customary in adaptive dynamics, that evolutionary changes
are perturbative in phenotypic space, i.e., phenotypes change
gradually. However, this might not be the case for actual
evolutionary experiments with bacteria. For example, one can

imagine that mutations in certain genes could confer on an
initially glucose-limited bacterial population the ability to
metabolize finite amounts of acetate without having to wait
for many generations. Future work will therefore be devoted
to implementing this possibility in the models and exploring
how it can possibly change the overall picture. Finally, as
mentioned in Sec. I, the repeated branching of an ancestor
E. coli lineage into two distinct ecotypes characterized by their
carbohydrate metabolism is also observed in serial dilution
experiments in which bacteria evolve in a batch of glucose-
acetate [10,11,17,35-38]. The framework introduced here can
be easily adapted to such a scenario and further work will
be devoted to it. We believe that the ideas introduced here—
in particular the idea of stochastic trade-offs—will motivate
further research into understanding the underlying principles
of evolution under controlled conditions.
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