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Abstract
Evolvability is defined as the ability of a population to generate heritable variation
to facilitate its adaptation to new environments or selection pressures. In this arti-
cle, we consider evolvability as a phenotypic trait subject to evolution and discuss its
implications in the adaptation of populations of asexual individuals. We explore the
evolutionary dynamics of an actively proliferating population of individuals, subject
to changes in their proliferative potential and their evolvability, through mathematical
simulations of a stochastic individual-based model and its deterministic continuum
counterpart. We find robust adaptive trajectories that rely on individuals with high
evolvability rapidly exploring the phenotypic landscape and reaching the proliferative
potential with the highest fitness. The strength of selection on the proliferative poten-
tial, and the cost associated with evolvability, can alter these trajectories such that, if
both are sufficiently constraining, highly evolvable populations can become extinct in
our individual-based model simulations. We explore the impact of this interaction at
various scales, discussing its effects in undisturbed environments and also in disrupted
contexts, such as cancer.
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1 Introduction

In nature, variation in phenotypic traits and selection are the general conditions for
evolution to occur (Darwin 1859;Houle 1992; Lynch et al. 1998;Hoffmann andMerilä
1999). Selection acts on phenotypic variants to promote the prevalence of the fittest.
The greater the diversity within a population, the higher its chances of withstanding the
pressures imposed by selective agents (Barrett and Schluter 2008). Phenotypic vari-
ability is generated by a plethora of biological mechanisms, most of which operate
at the cellular level, but whose effects are manifested at the macroscopic level (Sigal
et al. 2006; Whiting et al. 2024). Arguably one of the mechanisms that operates at
the most fundamental level is mutation. The stochastic nature of mutations, as well as
their high occurrence (Kunkel and Bebenek 2000), results in the generation of both
detrimental and beneficial variants. According to recent studies on the distribution
of fitness effects, although detrimental variants are more frequent (Eyre-Walker and
Keightley 2007), beneficial and neutral mutations must be present for adaptation to
occur (Eyre-Walker 2006). Even though observed cell-to-cell variability has tradition-
ally been ascribed to genetic (Galhardo et al. 2007) and epigenetic variation (True et al.
2004), the stochastic nature of cellular processes (Blake et al. 2003; Elowitz et al. 2002;
Allan Drummond andWilke 2009) brings into play a non-genetic heterogeneity (Capp
2021; Sigal et al. 2006; McAdams and Arkin 1999; Raser and O’Shea 2005; Sanchez
and Golding 2013). Non-genetic heterogeneity is also responsible for the emergence
of phenotypic variation (Guinn et al. 2020) and manifests itself as variations in cell
size, function, lifespan, protein level and more. This ability to generate variability
upon which selection can act is known as evolvability (Kirschner and Gerhart 1998).

More formally, evolvability can be defined as a population’s capacity to provide
adaptive and heritable phenotypic variation amongst its individuals, to let them evolve
and overcome selective pressures. The above definition could be considered a con-
sensus of overlapping ideas amongst different evolutionary biologists, as each brings
a different nuance depending on their concept of evolvability and the scale at which
they study it (Kirschner and Gerhart 1998; Payne and Wagner 2019; Pigliucci 2008;
Masel and Trotter 2010). It could be argued that greater evolvability implies greater
selective advantage, as the adaptive potential increases the likelihood of surviving
selective pressures. However, different ecological scenarios may foster populations
with lower evolvability (Bukkuri et al. 2023), especially under environmental stasis.
Higher evolvability is not free of charge, since it may also boost the generation of
detrimental phenotypes (Cohen 1966; Harvey and Partridge 1987; Slatkin 1974).

Evolvability itself may be evolvable and subject to change over time (Pigliucci
2008), suggesting that it should also be considered as a phenotypic trait (Riederer
et al. 2022). A balance between robustness and evolvability is required so that new
phenotypic states can be explored without detrimentally affecting essential features
(Payne and Wagner 2019). This relationship between robustness and evolvability has,
as an example at the molecular level, been already characterised in the context of
transcription factor binding sites in mice and yeast (Payne and Wagner 2014), and
evolvability-enhancing mutations were recently described in the context of RNA and
proteins (Wagner 2023).
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Alterations that increase mutation rates (Colegrave and Collins 2008) and pheno-
typic variation (Bódi et al. 2017) may promote evolvability, as has been described in
bacteria and yeast (Bódi et al. 2017; Wagner 2023). Hence, the genetic pathways that
are involved in genomic repair and instability, recombination, horizontal gene trans-
fer and regulation of gene expression are likely to influence the level of evolvability.
Moreover, some theoretical studies have addressed the evolution of evolvability in
gene regulatory networks (Crombach and Hogeweg 2008; Draghi and Wagner 2009).

On a broader scale, several ecological factors, while not directly causing evolv-
ability, influence the degree to which it becomes evident within a population. These
factors encompass environmental stimuli, interactions amongst individuals within the
same population, ecological dynamics between individuals in different populations,
and varying selection pressures. Their interplay results in the creation of an adaptive
landscape, which the population traverses in its quest for a global (or local) optimum.
Thus far, only a limited number of theoretical works have addressed these adaptive
dynamics while considering the concept of evolvability (Bukkuri et al. 2023; Crom-
bach and Hogeweg 2008; Cuypers et al. 2017; Hickinbotham et al. 2021).

Our aim is to carry out a theoretical study of the effect of evolvability on the adaptive
dynamics of phenotypically-structured cell populations. Althoughwewill focus on the
case of cells, the model is general enough to consider any population of autonomous
self-replicating agents subject to evolution, such as multicellular organisms. We will
use a stochastic individual-based (IB) model and corresponding deterministic contin-
uum model, which we derive from the IB model using formal limiting procedures.
The IB model is able to capture the stochastic nature of the phenotypic changes that
may occur within individuals of the same population, hence recapitulating phenomena
observed in the presence of small numbers of individuals such as genetic drift, while
the continuum model provides a concise depiction of the collective behaviour of large
numbers of individuals, thus making it possible to explore the adaptive trajectories of
a whole population.

In this paper, we build upon earlier studies that addressed the evolutionary dynamics
of phenotypically-structured populations (Chisholm et al. 2016; Lorenzi et al. 2016;
Ardaševa et al. 2020; Ardaševa et al. 2020a, b) and non-genetic stochastic changes
in cellular traits (Ortega-Sabater et al. 2022). First of all, we expand the notion of
populationswithfluctuations in the characteristics considered inArdaševa et al. (2020),
so that we include evolvability as a continuous phenotypic trait. In the context of the
model, evolvability is defined as the degree of variability in proliferative potential, such
that an individual with higher evolvability will be more likely to undergo phenotypic
changes in their proliferative potential than one with lower evolvability. Taking this
information into consideration, and following the idea presented in Ortega-Sabater
et al. (2022), since evolvability is considered as a phenotypic trait per se, it is also
subject to spontaneous heritable changes. Hence, we let the evolvability of a cell
be itself subject to evolutionary change. In this way, we can explore the effect of
non-genetic heterogeneity on the evolutionary dynamics of a phenotypically diverse
population subject to varying adaptive potential, considering also fitness costs and
selection pressures.
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2 Methods

2.1 The IBModel

We developed an IB model for the evolutionary dynamics of a phenotypically het-
erogeneous population consisting of cells. We will use the term cells from now on,
although this definition can be extended tomore general agents, so that agent canmean
any self-replicating individual. The phenotypic state of every cell at time t ∈ [0, t f ]
is characterised by the structuring variables y ∈ [0, 1] and x ∈ [0, 1], which take into
account intercellular variation in proliferative potential and evolvability, respectively.
Without loss of generality, we focus on the case where larger values of proliferative
potential y correspond to a higher cell division rate, and larger values of evolvability x
correspond to a higher probability for changes in proliferative potential to occur. The
proliferative potential could be represented by the normalised level of expression of a
gene that regulates cell division – such as MKI67, BIRC5, CCNB1, CDC20, CEP55,
NDC80, TYMS, NUF2, UBE2C, PTTG1, and RRM2 (Feitelson et al. 2015; Guo et al.
2020; Nielsen et al. 2010), while the evolvability could be related to the degree of
variation of the level of expression of such a gene over time and, therefore, could be
connected with the normalised level of expression of a gene that controls the expres-
sion of genes regulating cell division – such as FOXM1,MYBL2 or TOP2A (Guo et al.
2020; Ahmed 2019).

In order to define an on-lattice model, we discretise the time and phenotype vari-
ables. The current time-step th indicates how many steps h of size �t have already
been taken. Cells will be characterised by their phenotypic state (yi , x j ), which is rep-
resented as a position on the lattice {yi }i × {x j } j corresponding to phenotypic space
[0, 1] × [0, 1]. Cells can change their proliferative potential by taking i steps of size
�y (only one per time-step), as well as their evolvability, by taking j steps of size �x
(also, only one per time-step).

We introduce the variableN h
i, j to model the number of cells in the phenotypic state

(yi , x j ) at time th . From N h
i, j , we can calculate the cell population density nhi, j (i.e.

the phenotypic distribution of the cells) and the corresponding cell population size
Nh (i.e. the total number of cells) at time th . To keep track of the evolution of the
phenotypic state, we define the mean level of proliferative potential ȳh and the mean
level of evolvability x̄ h (as well as their corresponding standard deviations σ h

y and σ h
x ).

Hence, the point (ȳh, x̄ h) represents the mean phenotypic state of the cell population
at time th .

Time and phenotypic variables are discretised according to

th = h�t ∈ [0, t f ], yi = i�y ∈ [0, 1], x j = j�x ∈ [0, 1],
h, i, j ∈ Z

+, �t,�y,�x ∈ R
+∗ ,

where Z+ denotes the set of nonnegative integers and R
+∗ denotes the set of positive

real numbers – i.e.R+∗ = R
+ \ {0}. The cell population density and the corresponding

cell population size are computed via the following formulas
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Fig. 1 Schematic depiction of the basic processes a cell can undergo in the IBmodel.AAcell is characterised
by its phenotypic state (yi , x j ), a pair of values of proliferative potential y j and evolvability xi that determine
a position in the lattice {yi }i × {x j } j , which defines the phenotypic space. Each phenotypic state (yi , x j )

is associated with a division probability Ph
Bi , j

and a probability of change in proliferative potential μ(x j ).
The different processes that a cell may undergo between time-steps h and h + 1 are summarized in the
color boxes, and detailed hereafter. B Cells may undergo spontaneous phenotypic changes that increase
or decrease their proliferative potential, according to a probability μ(xi ) that depends on their level of
evolvability. C Cells may also undergo spontaneous phenotypic changes that increase or decrease their
level of evolvability, according to a fixed probability ω. Increasing or decreasing the level of evolvability is
equiprobable, while increasing or decreasing the level of proliferative potential is only equiprobable when
θ = 0.5. D Cells may divide according to a probability PhBi, j

(cf. Eq. (8)). The newborn cell inherits the

same phenotypic state as its parent. E Cells may die with a probability PhDi, j
(cf. Eq. (9)). Both division and

death probabilities depend on a cell’s levels of proliferative potential and evolvability. F Cells may remain
quiescent with a probability PhQi, j

(cf. Eq. (10))

nhi, j ≡ n(th, yi , x j ) := N h
i, j

�y�x
and Nh ≡ N (th) :=

∑

i, j

N h
i, j , (1)

while the mean level of proliferative potential and the mean level of evolvability of
the cell population at time th , along with the corresponding standard deviations, are
computed according to

ȳ(th) ≡ ȳh := 1

Nh

∑

i, j

N h
i, j yi , σy(th) ≡ σ h

y :=
⎛

⎝ 1

Nh

∑

i, j

N h
i, j y

2
i −

(
ȳh

)2
⎞

⎠
1/2

(2)

and

x̄(th) ≡ x̄ h := 1

Nh

∑

i, j

N h
i, j x j , σx (th) ≡ σ h

x :=
⎛

⎝ 1

Nh

∑

i, j

N h
i, j x

2
j −

(
x̄ h

)2
⎞

⎠
1/2

.(3)
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As summarised by the schematics in Figure 1, between time-steps h and h+1, each
cell in phenotypic state (yi , x j ) can first undergo heritable, spontaneous phenotypic
changes and then die, divide, or stay quiescent according to the rules described in the
following subsections.

2.1.1 Mathematical modelling of cell division and death

We assume that a dividing cell is instantly replaced by two identical cells that inherit
the phenotypic state of the parent cell (i.e. the progenies are placed on the same lattice
site as their parent), while a dying cell is instantly removed from the population.
We model saturating growth of the cell population by letting the cells divide, die or
remain quiescent with probabilities that depend on their phenotypic state and the cell
population size. In particular, to define the probabilities of cell division and death,
we introduce the function R ≡ R(yi , x j , Nh), which describes the net division rate
(i.e. the difference between the rate of division and the rate of death) of cells in the
phenotypic state (yi , x j ) under the environmental conditions corresponding to the cell
population size Nh . In particular, we will focus on the case where:

R(y, x, N ) := ρ(x, y) − κ N . (4)

The definition given by Eq. (4) relies on the following assumptions: cells die due to
intra-population competition at a rate proportional to the size of the cell population,
with constant of proportionality κ > 0; and cells in the phenotypic state (y, x) divide
and die due to natural selection on the proliferative potential at rateρ(x, y) (i.e.ρ(x, y)
is the intrinsic net division rate of cells in the phenotypic state (y, x)). In the framework
of our model, under the definition given by Eq. (4), the function ρ(x, y) determines
the shape of the phenotypic fitness landscape of the cell population.

In order to capture the fact that a larger proliferative potential corresponds to a
higher cell division rate (i.e. a larger fitness), and to consider scenarios in which, due
to possible fitness costs associated with evolvability (Geller et al. 2018; DeWitt et al.
1998; Bloom et al. 2007), cells may undergo cell division at different rates depending
on their evolvability level, we define the intrinsic net division rate ρ as (building on
the ideas presented in Ardaševa et al. (2020); Lorenzi et al. (2016)):

ρ(x, y) := γ (1 − α r(x)) − η(1 − y)2. (5)

Here, the parameter γ > 0 is the maximum cell division rate (i.e. the maximum
fitness) and the parameter η > 0 is a selection gradient that provides a measure of the
strength of natural selection on the proliferative potential. Furthermore, the parameter
α ≥ 0 models the fitness cost of evolvability and the function r(x) ≥ 0 models how
the level of evolvability impacts on the intrinsic net division rate. To consider the
scenario where higher evolvability levels decrease the rate of cell division, we define
the function r in Eq.(5) as:

r(x) := x2. (6)
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Conversely, to consider the opposite scenario where cells need to invest energy in
keeping low levels of evolvability (e.g. to ensure genome fidelity), and thus lower
evolvability levels lower the rate of cell division, we use the following definition:

r(x) := (1 − x)2. (7)

The definition given by Eq. (5) is such that under scenarios in which evolvability
does not imply a fitness cost (i.e. when α = 0), cells with the highest proliferative
potential (i.e. the fittest phenotypic variants with y = 1) will divide at the maximum
rate, γ , and the net division rate of cells with a lower proliferative potential (i.e. less
fit phenotypic variants with y ∈ [0, 1)) decreases as the selection gradient increases
(i.e. larger values of η and smaller values of y correspond to a lower net division rate).
Moreover, under scenarios in which there is a fitness cost associated with evolvability
(i.e. when α > 0), the net division rate of the cells decreases with the fitness cost of
evolvability, α, and higher (resp. lower) levels of evolvability correspond to a lower net
division rate under the definition of r(x) provided by Eq. (6) (resp. Eq. (7)). Note that,
under these definitions, there may be phenotypic states (y, x) for which the intrinsic
net division rate is negative, implying that the rate at which cells in these phenotypic
states divide is lower than the rate at which they die due to natural selection on the
proliferative potential.

Using the definitions in Eqs. (4) and (5), we assume that between time-steps h and
h + 1 a cell in phenotypic state (yi , x j ) may divide with probability

PhBi, j := �tρ+(x, y) where ρ+(x, y) = max (0, ρ(x, y)) , (8)

die with probability

PhDi, j
:= �t

[
κ N + ρ−(x, y)

]
where ρ−(x, y) = −min (0, ρ(x, y)) , (9)

or remain quiescent (i.e. do not divide nor die) with probability

PhQi, j
:= 1 − PhBi, j − PhDi, j

. (10)

Note that we are implicitly assuming that the time-step size �t is sufficiently small
so that 0 ≤ PhBi, j + PhDi, j

≤ 1 for all values of i, j, and h. Note also that we define
the positive part ρ+(x, y) and the negative part ρ−(x, y) of the division rate ρ(x, y),
such that ρ+(x, y) contributes to the division probability PhBi, j , meanwhile ρ−(x, y)

contributes to the death probability PhDi, j
.

2.1.2 Mathematical modelling of phenotypic changes

We consider reversible phenotypic changes driven by small and frequent fluctuations
in the cell phenotypic state, which occur during a cell’s life span and not only at cell
division. We take these into account by allowing cells to update their phenotypic state
according to a random walk along the two phenotypic dimensions. We assume that
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changes in the level of evolvability occur with a constant probability, whilst changes in
the proliferative potential occur with a probability that increases with the evolvability
level. We model these probabilities through the parameter ω ∈ [0, 1] and the function
0 ≤ μ(x) ≤ 1, respectively, and we focus on the case where

μ(x) := μ1 x
2, (11)

with the parameter 0 < μ1 ≤ 1 modelling the maximum probability of changes in the
proliferative potential.

In such a modelling framework, between time-steps h and h + 1, every cell in phe-
notypic state (yi , x j ) can: undergo a change in its level of evolvability, with probability
ω, or retain its current level of evolvability, with probability 1− ω; undergo a change
in its proliferative potential, with probability μ(x j ), or retain its current proliferative
potential, with probability 1−μ(x j ).We assume that a cell in phenotypic state (yi , x j )
that undergoes a change in its level of evolvability acquires either of the evolvability
levels corresponding to x j±1 = x j ±�x with probabilities ω/2. Conversely, building
on Chisholm et al. (2016), we assume that a cell in the phenotypic state (yi , x j ) that
undergoes a change in its proliferative potential may acquire a lower level of prolif-
erative potential (yi−1 = yi − �y) with probability θ ∈ [0, 1], or a higher level of
proliferative potential (yi+1 = yi + �y) with probability 1− θ . When θ = 0.5, there
is a symmetrical distribution of fitness effects (DFE), meaning that cells are equally
likely to acquire a higher or lower proliferative potential (i.e. phenotypic changes are
equally likely to be advantageous or deleterious). First we will study this scenario.
Then, since detrimental phenotypic changes may be more likely than beneficial ones
(Eyre-Walker and Keightley 2007), we will also explore scenarios in which θ > 0.5,
whereby there is an asymmetrical DFE and cells are more likely to acquire a lower
proliferative potential as a result of phenotypic changes. Any attempted phenotypic
variation of a cell that would requiremoving into a state outside the phenotypic domain
[0, 1] × [0, 1] is aborted.

2.2 The Corresponding ContinuumModel

Through a method analogous to that we previously employed in Ardaševa et al.
(2020a); Bubba et al. (2020); Chaplain et al. (2020); Chisholm et al. (2016), let-
ting the time-step size �t → 0+ and the sizes of phenotype-steps �y → 0+ and
�x → 0+, as well as θ → 0.5+, in such a way that

(�y)2

2�t
→ ξ1 ∈ R

+∗ ,
(�x)2

2�t
→ ξ2 ∈ R

+∗ , and
(2θ − 1)�y

�t
→ ξ3 ∈ R,

(12)

we formally show (see the Appendix) that the deterministic continuum counterpart of
the stochastic IB model presented in the previous section is given by the following
partial integro-differential equation (PIDE) for the cell population density function
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n(t, y, x) ≥ 0:

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

∂t n = R(y, x, N ) n + ξ1μ(x) ∂y

(
∂yn + ξ3

ξ1
n

)
+ ξ2ω ∂2xxn,

(t, y, x) ∈ (0, t f ] × (0, 1) × (0, 1),

N (t) :=
∫ 1

0

∫ 1

0
n(t, y, x) dy dx,

(13)

subject to zero Neumann (i.e. no-flux) boundary conditions on the boundary of the
square [0, 1]× [0, 1]. In the continuum modelling framework given by the PIDE (13),
the function n(t, y, x) represents the number density of cells in the phenotypic state
(y, x) and its integral, N(t), is thus the size of the cell population at time t . The reaction
term models the effects of cell division and death, and the function R(y, x,N), which
is defined via Eq. (4), represents the net division rate of cells in the phenotypic state
(y, x) under the environmental conditions corresponding to the cell population size N.
Moreover, the diffusion term in the x−direction models the effects of changes in the
level of evolvability, which occur at rate ξ2ω. Finally, the diffusion-advection term in
the y−direction models the effects of changes in the level of proliferative potential,
which occur at rate ξ1μ(x). The advection term captures the possible presence of

asymmetry in the DFE (cf. Subsection 2.1.2), and the ratio
ξ3

ξ1
measures the relative

impact of an asymmetrical DFE on cell dynamics. In the case of a symmetrical DFE,
θ = 0.5 in the underlying IB model and thus ξ3 = 0. On the other hand, in the case of
an asymmetrical DFE, if phenotypic changes are more likely to have negative effects,
meaning that cells are more likely to acquire a lower level of proliferative potential,
then θ > 0.5, thereby ξ3 > 0. Note that, since the formal derivation of the PIDEmodel
from the IBmodel relies on letting θ → 0.5+, we expect the quality of the quantitative
agreement between the twomodels to deteriorate for values of θ sufficienly larger than
0.5.

The mean levels of proliferative potential (2) and evolvability (3) defined in Sec-
tion 2.1 have the following corresponding functions in the continuum counterpart:

ȳ(t) := 1

N (t)

∫ 1

0

∫ 1

0
y n(t, y, x) dy dx,

σy(t) :=
(

1

N (t)

∫ 1

0

∫ 1

0
y2 n(t, y, x) dy dx − (ȳ(t))2

)1/2 (14)

and

x̄(t) := 1

N (t)

∫ 1

0

∫ 1

0
x n(t, y, x) dx dy,

σx (t) :=
(

1

N (t)

∫ 1

0

∫ 1

0
x2 n(t, y, x) dx dy − (x̄(t))2

)1/2

.

(15)
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3 Main Results

In this section, we present the main results of numerical simulations of the IB model,
which we compare with numerical solutions of the continuum model given by the
PIDE (13). The set-up of numerical simulations is summarised in Subsection 3.1.

In Subsection 3.2, focussing on the scenario of a symmetrical DFE (i.e. when
the IB model parameter θ = 0.5 and, therefore, the PIDE model parameter ξ3 =
0), we first consider the case where evolvability does not imply a fitness cost (i.e.
α = 0 in Eq. (5)) and present a sample of base-case results that summarise the
evolutionary dynamics of the cell population for different choices of the initial mean
level of proliferative potential and the initial mean level of evolvability. We then
present the results of numerical simulations carried out to investigate how the base-
case evolutionary dynamics change as we vary the values of the parameters η and α in
the definition given by Eq. (5), in order to explore how the gradient of natural selection
on the proliferative potential, the fitness cost of evolvability (given by α > 0 in
Eq. (5)), and the interplay between these evolutionary parameters affect the phenotypic
evolution of the cell population. In particular, we consider situations where higher
evolvability levels decrease the rate of cell division (Snell-Rood et al. 2010; Giraud
et al. 2001), and thus complement Eq. (5) with Eq. (6). Although this ideal set-up may
be far away from reality, it provides valuable insight into the model dynamics.

In Subsection 3.3, we turn to the scenario of an asymmetrical DFE whereby pheno-
typic changes are more likely to make cells acquire a lower proliferative potential (i.e.
when the IB model parameter θ > 0.5, and thus the PIDE model parameter ξ3 > 0).
Since in this scenario an ‘endogenous’ fitness cost is already placed on higher levels
of evolvability by an asymmetrical DFE, we first set α = 0 in Eq. (5). We then study
the interplay between such an endogenous cost of evolvability and an ‘exogenous’
cost, meaning that cells need to invest energy to maintain low levels of evolvability.
To this end, we keep θ > 0.5 (i.e. ξ3 > 0) and set α > 0 in Eq. (5) complemented
with Eq. (7).

Generally, under the choices made here for the parameter values, the simulation
results demonstrate excellent quantitative agreement between the stochastic IB model
and its deterministic continuum counterpart given by the PIDE (13). This testifies to
the robustness of these results, and thus of the possible biological conclusions drawn
therefrom (nonetheless limited by the assumptions made in the definition of the IB
model).

3.1 Set-Up of Numerical Simulations

For consistency with previous mathematical studies of the evolutionary dynamics
of phenotype-structured populations, which rely on the prima facie assumption that
population densities are Gaussians (Rice 2004), simulations are carried out under the
assumption that the initial phenotype distribution of cells for the IB model is defined
as:
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n0i, j := N 0
i, j

�y�x
, N 0

i, j := N 0 C exp

[
− (yi − ȳ0)2

2(σ 0
y )2

− (x j − x̄0)2

2(σ 0
x )2

]
, (16)

where C is a normalisation constant such that
∑

i, j

N 0
i, j = N 0. In the definition given

by Eq. (16), the parameter N 0 represents the initial cell number, the parameters ȳ0 and
σ 0
y represent the initial mean proliferative potential and the corresponding standard

deviation, respectively, while the parameters x̄0 and σ 0
x represent the initial mean level

of evolvability and the corresponding standard deviation, respectively. The baseline
parameter values used to carry out numerical simulations of the IB model are listed in
Table 1. Since our current study has eschewed a specific biological context, with the
underlying model assumptions sufficiently generic to encompass a range of scenarios,
these parameter values were chosen with an exploratory aim (i.e. to observe the effects
of all the mechanisms incorporated into the model over a reasonable computational
time scale) and, unless otherwise specified, they are dimensionless. Note that, consis-
tently with the conditions given by Eq. (12), the values of �t , �y, and �x are chosen
sufficiently close to 0, while the values of the parameter θ are chosen sufficiently close
to 0.5. The methods employed to numerically solve the PIDE (13) subject to no-flux
boundary conditions and to an initial condition n(0, y, x), which is the continuum
analogue of n0i, j defined via Eq. (16), are described in the Appendix.

3.2 Main Results Under A Symmetrical DFE

We start by considering a symmetrical DFE whereby phenotypic changes are equally
likely to be advantageous or deleterious (i.e. to make cells acquire a higher or lower
proliferative potential). Hence, we investigate scenarios where the IBmodel parameter
θ = 0.5, and thus the PIDE model parameter ξ3 = 0.

3.2.1 Different initial phenotypic compositions lead to the same evolutionary
trajectory

In a realistic setting, different cell populationswould be expected to have different phe-
notypic compositions, depending on the level of adaptation to their environment. We
investigated how the initial phenotypic distribution of a population can affect its evo-
lutionary dynamics. In particular, we considered four different scenarios, whereby the
initial phenotypic composition of a cell population corresponds to the possible combi-
nations between low/high evolvability and low/high proliferative potential. Then, we
simulated the evolutionary trajectories of these populations using the IB and the PIDE
models.

The simulation results in Figure 2B show the evolutionary trajectories of the cell
population (i.e. the dynamics of the mean phenotypic state) under the aforementioned
scenarios, corresponding to different initial mean levels of proliferative potential and
evolvability, when evolvability does not imply a fitness cost (i.e. when α = 0). These
results demonstrate that the mean level of proliferative potential converges asymp-

123



   21 Page 12 of 35 J. Jiménez-Sánchez et al.

Ta
bl
e
1

B
as
el
in
e
pa
ra
m
et
er

va
lu
es

us
ed

to
ca
rr
y
ou
tt
he

nu
m
er
ic
al
si
m
ul
at
io
ns

P
ar
am

et
er

B
io
lo
gi
ca
lM

ea
ni
ng

V
al
ue

t f
Fi
na
lt
im

e
{5

×
10

2
,
10

3
}

�
t

T
im

e-
st
ep

si
ze

10
−4

�
y,

�
x

Ph
en
ot
yp
e-
st
ep

si
ze

≈
0.
01

41

N
0

In
iti
al
ce
ll
nu
m
be
r

10
0
ce
lls

ȳ0
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totically to the maximum value 1 while the mean level of evolvability converges
asymptotically to the minimum value 0. Moreover, while the mean level of prolifera-
tive potential increases monotonically with time in all scenarios considered, the mean
level of evolvability either decreases monotonically with time or first increases and
then decreases depending on whether its initial value is sufficiently high or sufficiently
low, respectively. In the latter case, the mean level of evolvability undergoes transient
growth as long as the mean level of proliferative potential is sufficiently low, and then
starts decreasing monotonically, converging eventually to 0, as soon as the mean level
of proliferative potential is sufficiently high. In all scenarios, the cell phenotype dis-
tribution remains unimodal (cf. Figure 2C). Furthermore, higher initial mean levels
of proliferative potential and evolvability correlate with a faster increase in the size of
the cell population, which in all scenarios saturates at a positive asymptotic value (cf.
Figure 2A).

These results suggest that for a cell population (as described by the IB model) to
reach its optimal proliferative potential (and stay there), a two-step adaptive trajectory
takes place. First, there is an investment in evolvability, since greater levels of this trait
help in traversing the phenotypic landscape faster. Then, once the optimal proliferative
potential has been reached, evolvability decreases to help cells remain at this optimal
proliferative potential. Thefirst step is skipped by cell populationswhose initial level of
evolvability is high enough. According to the numerical results, this adaptive trajectory
seems to be robust, since all simulated cell populations underwent it.

3.2.2 Stronger selection leads to faster adaptation

The parameter η in Eq. (5) denotes the selection gradient and thus it is a proxy for the
strength of selection acting on the cell population. The larger its value, the greater the
difference in fitness between consecutive phenotypic states (in terms of proliferative
potential). After computing the evolutionary trajectories that arise during the adapta-
tion of cell populations with different initial phenotypic distributions, now we focus
on the scenario where the cell population has low initial levels of both evolvability
and proliferative potential, and we evaluate how different values of selection gradient
affect the evolutionary dynamics of the cell population.

The simulation results in Figure 3 illustrate how the gradient of natural selection
on the proliferative potential (i.e. the value of η) affects the evolutionary dynamics
of the cell population when evolvability does not imply a fitness cost (i.e. when α =
0). These results demonstrate that the larger the value of the selection gradient η,
the faster are both the convergence of the mean level of proliferative potential to
the maximum value 1 and the convergence of the mean level of evolvability to the
minimum value 0. These results also indicate that in scenarios under which the mean
level of evolvability undergoes transient growth, as discussed in Section 3.2.1, larger
values of the selection gradient η cause the mean level of evolvability of the cell
population to attain larger values in the transient phase. For all values of η considered
here, the phenotype distribution of the cells remains unimodal and the size of the cell
population saturates asymptotically to a positive value (results not displayed).

These results suggest that the steepness of the selection gradient may influence the
speed of adaptation. Moreover, regardless of the value of η, all simulated populations
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Fig. 2 Influence of the initial phenotypic composition on the evolutionary dynamics under a symmetrical
DFE. A-B Dynamics of the cell number (panel A) and the mean phenotypic state (panel B). Solid coloured
lines display the results of numerical simulations of the IB model while dashed black lines display the
results of numerical simulations of the continuum model, when evolvability does not imply a fitness cost
(i.e. α = 0), for different values of the initial mean levels of evolvability and proliferative potential –
i.e. (x̄0, ȳ0) = (0.2, 0.2) (blue lines), (x̄0, ȳ0) = (0.2, 0.6) (green lines), (x̄0, ȳ0) = (0.8, 0.2) (orange
lines), and (x̄0, ȳ0) = (0.7, 0.6) (purple lines). The results from the IB model correspond to the average
over 20 simulations and the related standard deviation is displayed by the coloured areas surrounding the
curves.C Phenotypic distribution of the cell population at three different time points for each initial scenario
considered. Contour lines represent areas with the same cell density in the numerical simulations of the
continuum model, while coloured lattice points in the phenotypic domain represent cell density at each
phenotypic state (where a greater colour intensity indicates a higher cell density). Numerical simulations
of the IB model were carried out using the initial phenotypic distribution defined via Eq. (16) and the
parameter values listed in Table 1 with α = 0 and η = 0.5 in Eq. (5). Details of numerical simulations of
the continuum model are provided in the Appendix
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Fig. 3 How the gradient of natural selection on the proliferative potential affects the evolutionary dynamics
under a symmetrical DFE. Dynamics of the mean level of proliferative potential (panelA), the mean level of
evolvability (panel B), and the mean phenotypic state (panel C). Solid coloured lines display the averaged
results of numerical simulations of the IB model while dashed black lines display the results of numerical
simulations of the continuum model, when evolvability does not imply a fitness cost (i.e. α = 0), for
different values of the selection gradient η – i.e. η = 0.05 (blue lines), η = 0.2 (orange lines), η = 0.5
(green lines), and η = 0.8 (purple lines). The results from the IB model correspond to the average over 20
simulations and the related standard deviation is displayed by the coloured areas surrounding the curves.
Numerical simulations of the IB model were carried out using the initial phenotypic distribution defined
via Eq. (16) and the parameter values listed in Table 1 with α = 0 in Eq. (5) and (x̄0, ȳ0) = (0.2, 0.2).
Details of numerical simulations of the continuum model are provided in the Appendix

underwent an initial increase in the level of evolvability, followed by a decrease in this
level once the optimal proliferation potential was reached. Hence, we also observe
that the two-step adaptive trajectory previously unveiled is robust against changes in
the strength of selection.

3.2.3 What if evolvability comes at a cost?

So far, we have considered that evolvability does not imply a fitness cost. Nowwe turn
our attention to situations where higher levels of evolvability incur a higher fitness
cost (Snell-Rood et al. 2010; Giraud et al. 2001), and thus set α > 0 in Eq. (5) com-
plemented with Eq. (6). The simulation results in Figure 4 show how the evolutionary
dynamics of the cell population change when there is a fitness cost associated with
high levels of evolvability. These results demonstrate that larger values of the fitness
cost of evolvability α: promote a faster convergence of the mean level of evolvability
to the minimum value 0 (cf. Figure 4B and Figure 4C); lead to a slower convergence
of the mean level of proliferative potential to the maximum value 1 (cf. Figure 4A and
Figure 4C); and hinder possible transient growth of the mean level of evolvability (cf.
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Fig. 4 How the fitness cost of high levels of evolvability affects the evolutionary dynamics under a symmet-
rical DFE. Dynamics of the mean level of proliferative potential (panel A), the mean level of evolvability
(panel B), and the mean phenotypic state (panel C). In all panels, solid coloured lines display the results of
numerical simulations of the IB model while dashed black lines display the results of numerical simulations
of the continuum model, for different values of the fitness cost of evolvability α – i.e. α = 0.125 (blue
line), α = 0.25 (orange line), α = 0.5 (green line), and α = 1 (purple line). The results from the IB
model correspond to the average over 20 simulations and the related standard deviation is displayed by the
coloured areas surrounding the curves. The grey arrows in panel C indicate the direction of the phenotypic
state trajectories. Numerical simulations of the IB model were carried out using the initial phenotypic dis-
tribution defined via Eq. (16), the definition of the intrinsic net division rate given by Eq. (5) complemented
with Eq. (6), and the parameter values listed in Table 1 with η = 0.5 and (x̄0, ȳ0) = (0.2, 0.2). Details of
numerical simulations of the continuum model are provided in the Appendix.

Figure 4B and Figure 4C). The cell phenotype distribution remains unimodal and the
size of the cell population saturates at a positive asymptotic value for all values of α

considered here (results not shown).
These results suggest that when cells cannot excel at both phenotypic traits (i.e.

proliferative potential and evolvability), the convergence to the optimal proliferation
potential still happens, but not always via the two-step adaptive trajectory. In fact, the
higher the fitness cost of evolvability, the less likely it is that the two-step trajectory
will occur. Moreover, a higher fitness cost of evolvability also leads to a slower con-
vergence to the optimal proliferative potential. Since cells cannot rely on greater levels
of evolvability to help themselves traverse faster the phenotypic landscape, they must
settle for a slower pace of adaptation.

As an aside, we observe a mismatch in the dynamics of the proliferative potential
between the results of the simulationswith the IBmodel and the numerical results of the
PIDE model when the fitness cost of evolvability is relatively large (cf. Figure 4A).
This is explained by the small cell number attained by the simulations with the IB
model, compared to the numerical results of the PIDE model. Since a higher cost
of evolvability means a smaller division probability, it will take more time for cells
in the IB model to reach the maximum value of proliferative potential (compared
to the PIDE model). In such circumstances stochastic effects, not captured by the
deterministic PIDE model, play a more prominent role. Hence, the cell number grows
slowly and this is the reason why the mismatch is larger for greater fitness costs of
evolvability.

We now investigate how the interplay between the gradient of natural selection on
the proliferative potential and the fitness cost of evolvability affect the evolutionary
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Fig. 5 How the interplay between the gradient of natural selection on the proliferative potential and the
fitness cost of evolvability affects the evolutionary dynamics under a symmetrical DFE. Dynamics of the
mean phenotypic state superimposed onto the plot of the intrinsic net division rate. Results are shown for
th ∈ [0, 500]. The grey-scale surfaces are the plots of the function ρ(x, y) defined via Eq. (5) complemented
with Eq. (6), for the different values of η and α considered. Solid coloured lines display the results of
averaged numerical simulations of the IBmodel while dashed coloured lines display the results of numerical
simulations of the continuum model, for different values of the selection gradient η and the fitness cost of
evolvability α: η = 0.8 and α = 0.8 (panel A), η = 1.5 and α = 0.8 (panel B), η = 0.8 and α = 1.5
(panel C), and η = 1.5 and α = 1.5 (panel D), under various scenarios corresponding to different values
of the initial mean levels of evolvability and proliferative potential – i.e. (x̄0, ȳ0) = (0.2, 0.2) (blue lines),
(x̄0, ȳ0) = (0.8, 0.2) (orange lines), and (x̄0, ȳ0) = (0.8, 0.8) (purple lines). The results from the IB
model correspond to the average over 10 simulations. Numerical simulations of the IB model were carried
out using the initial phenotypic distribution defined via Eq. (16) and the parameter values listed in Table 1.
Details of numerical simulations of the continuum model are provided in the Appendix

dynamics of the cell population. Since the division rate of a cell is influenced by
both α and η (cf. Eq. (5)), taking different combinations of these parameters defines
different fitness landscapes, the steepness of which will determine the ease with which
a population can traverse them. Hence, we study the evolutionary dynamics of the cell
population subject to different combinations of α and η, to define fitness landscapes
with varying gradient of selection and fitness cost of evolvability.
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Fig. 6 How the interplay between the gradient of natural selection on the proliferative potential and the
fitness cost of evolvability affects the evolutionary dynamics under a symmetrical DFE. Dynamics of the
mean phenotypic state for th ∈ [0, 500]. Solid, thin coloured lines display the results of single numerical
simulations of the IB model; thick coloured lines display the average over the results of 10 numerical
simulations of the IB model, and broken, coloured lines display the results of numerical simulations of
the continuum model, for different values of the selection gradient η and the fitness cost of evolvability
α – i.e. η = 0.8 and α = 0.8 (panel A), η = 1.5 and α = 0.8 (panel B), η = 0.8 and α = 1.5 (panel
C), and η = 1.5 and α = 1.5 (panel D), under various scenarios corresponding to different values of
the initial mean levels of evolvability and proliferative potential – i.e. (x̄0, ȳ0) = (0.2, 0.2) (blue lines),
(x̄0, ȳ0) = (0.8, 0.2) (orange lines), and (x̄0, ȳ0) = (0.8, 0.8) (purple lines). The arrows indicate the
direction of the phenotypic state trajectories. The results from the IB model correspond to the simulations
displayed in Figure 5. Solid coloured lines are not displayed in the cases where the cell population goes
extinct in each of the 10 simulations, with the results of simulations in which the cell population goes
extinct being highlighted in black. Numerical simulations of the IB model were carried out using the initial
phenotypic distribution defined via Eq. (16), the definition of the intrinsic net division rate given by Eq. (5)
complemented with Eq. (6), and the parameter values listed in Table 1. Details of numerical simulations of
the continuum model are provided in the Appendix
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The simulation results in Figures 5 and 6 complement the results in Figures 3 and 4
by showing the impact that the interplay between the gradient of natural selection on the
proliferative potential and the fitness cost of evolvability may have on the evolutionary
dynamics of the cell population. These results demonstrate that large values of the
selection gradient η and the fitness cost of evolvability α can cause extinction of cell
populations in the IB model when the mean level of evolvability is initially high and
the mean level of proliferative potential is initially low (cf. Figures 5C and 5D). This
is due to the fact that sufficiently large values of these evolutionary parameters can
shape the phenotypic landscape of cell populations in such a way that regions of the
landscape corresponding to high levels of evolvability and low levels of proliferative
potential are characterised by a negative fitness, i.e. larger values of η and α may
cause the intrinsic net division rate ρ(x, y) in (5) to attain negative values for (x, y)
sufficiently close to (1, 0), thus causing the cell population to suffer a sharp drop
in its size if the initial mean phenotypic state lies in these regions (cf. Figures 6C
and 6D). This can create the conditions to drive the cell population to extinction (cf.
Figures 5C and 5D). Note that, when this happens, the match between the IB model
and the continuum model given by the PIDE (13) deteriorates, since the latter is not
capable of capturing population extinction phenomena that are caused by stochastic
effects associated with small cell numbers.

These results suggest that evolvability is a necessary but not sufficient condition
for adaptation to occur. Under very stringent circumstances, such as the ones attained
when the fitness cost of evolvability and the gradient of selection are sufficiently large,
a cell population may not benefit from having a high level of evolvability. Since the
resources diverted to evolvability are not being used to sustain a high proliferative
potential, cell populations subject to strong stochastic effects (i.e. small cell number,
etc) may not succeed in their attempt to survive.

3.3 Main Results Under An Asymmetrical DFE

To investigate the impact of an asymmetrical DFE, whereby phenotypic changes are
more likely to be deleterious (i.e to make cells acquire a lower proliferative potential),
in this subsection we explore scenarios where the IB model parameter θ > 0.5, and
thus the PIDE model parameter ξ3 > 0.

3.3.1 How does an asymmetrical DFE affect evolutionary dynamics?

We first explore the influence of DFE asymmetry on the evolutionary dynamics of cell
populations with different initial phenotypic distributions when α = 0. In Figure 7 we
can observe the mean levels of proliferative potential and evolvability of populations
starting with low mean levels of both traits (cf. Figures 7A and 7B), high mean levels
of evolvability and low mean levels of proliferative potential (cf. Figures 7C and
7D), high mean levels of both traits (cf. Figures 7E and 7F), and high mean levels
of proliferative potential and low mean levels of evolvability (cf. Figures 7G and
7H). A stronger DFE asymmetry (namely, a larger value of θ > 0.5) decreases the
asymptotic level of proliferative potential towhich the population converges in the long
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Fig. 7 How an asymmetrical DFE affects the evolutionary dynamics. Dynamics of the mean proliferative
potential (panelsA,C, E, andG) and the mean level of evolvability (panels B,D, F, andH). Solid coloured
lines display the averaged results of numerical simulations of the IB model for different values of the
initial mean levels of evolvability and proliferative potential – i.e. (x̄0, ȳ0) = (0.2, 0.2) (panels A-B),
(x̄0, ȳ0) = (0.8, 0.2) (panels C-D), (x̄0, ȳ0) = (0.8, 0.8) (panels E-F), and (x̄0, ȳ0) = (0.2, 0.8) (panels
G-H). Dashed black lines display the results of numerical simulations of the continuum model. Lower
transparency corresponds to a more an asymmetrical DFE, with θ ∈ {0.5, 0.55, 0.6, 0.7} (see legend). The
results from the IB model correspond to the average over 10 simulations and the related standard deviation
is displayed by the coloured areas surrounding the curves. Numerical simulations of the IB model were
carried out using the initial phenotypic distribution defined via Eq. (16) and the parameter values listed in
Table 1 with α = 0 and η = 0.5 in Eq. (5). Details of the numerical simulations of the continuum model
are provided in the Appendix.

term and slows down the corresponding rate of convergence. Regarding evolvability,
the transient phase whereby high evolvability is selected for, observed when θ = 0.5,
becomes negligible as θ increases above 0.5. This appears to be the reason why the
proliferative potential converges more slowly to a suboptimal value as θ increases:
since cells with high levels of evolvability are now penalised due to the asymmetry in
the DFE, cells in the population cannot rely on them to quickly traverse the phenotypic
landscape in their search for the optimal proliferative potential. Still, in the long term,
low evolvability is selected for regardless of the initial phenotypic distribution or the
value of θ .

3.3.2 An asymmetrical DFE can promote population extinction

In Subsection 3.2.3, we observed that populations exposed to very harsh environments
(namely, large values of the parameters α and η) may become extinct in the IB model,
due to the emergence of regions of the phenotypic spacewhere the intrinsic net division
rate ρ(x, y) attains negative values. Herewe investigatewhether an asymmetrical DFE
canpromote population extinction even if the intrinsic net division rate remains positive
throughout the phenotypic space – i.e. when η < γ and α = 0 in the definition of the
intrinsic net division rate provided by Eq. (5).
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Fig. 8 How the interplay between an asymmetrical DFE and the gradient of natural selection affects the
evolutionary dynamics. Dynamics of the cell number. Panels with blue curves correspond to a low initial
mean level of evolvability and a low initial mean level of proliferative potential – i.e. (x̄0, ȳ0) = (0.2, 0.2).
Panels with orange curves correspond to a high initial mean level of evolvability and a low initial mean
level of proliferative potential – i.e. (x̄0, ȳ0) = (0.8, 0.2). Solid coloured lines display the average over
10 simulations of the IB model and the related standard deviation is displayed by the coloured areas
surrounding the curves. Pie charts show the fraction of the 10 simulations of the IB model that ended in
population survival (dark sectors) and population extinction (light sectors). Dashed coloured lines display
the results of numerical simulations of the continuum model. Numerical simulations of the IB model were
carried out using the initial phenotypic distribution defined via Eq. (16) and the parameter values listed in
Table 1 with α = 0 in Eq. (5) but with γ = 0.1, κ = 0.01, and: θ = 0.5, η = 0.005 (pair of panels A),
θ = 0.7, η = 0.005 (pair of panels B), θ = 0.5, η = 0.05 (pair of panels C), θ = 0.7, η = 0.05 (pair of
panels D), θ = 0.5, η = 0.095 (pair of panels E), and θ = 0.7, η = 0.095 (pair of panels F). Details of
numerical simulations of the continuum model are provided in the Appendix

We start by noticing that, when all population members have a positive intrinsic
net proliferation rate, a drastic decline in carrying capacity can be expected to be
required for a population to become vulnerable to extinction due to demographic
stochasticity (Bouzat 2010). In the context of our model, under the definitions given
by Eqs. (4) and (5) with α = 0, the carrying capacity of the population is proportional
to the parameter γ and inversely proportional to the parameter κ . Hence, keeping the
initial cell number fixed to the baseline value reported in Table 1,we now choose values
of γ and κ that are, respectively, smaller and larger than those in Table 1, and we also
reduce the value of η accordingly so as to ensure that η < γ and thus ρ(x, y) > 0.
Under this set-up, we carry out numerical simulations of the IB and PIDE models for
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different combinations of θ and η, to study whether extinctions can occur in the IB
model simulations. Results are displayed in Figure 8.

In Figures 8A and 8B, since the selection gradient η is relatively small, the fitness
landscape has a low-slope, and the rate of adaptation is slower (similarly to Figure 2).
When the DFE is symmetrical (cf. Figure 8A), extinctions do not take place; on the
contrary,when there is an asymmetry in theDFE (cf. Figure 8B), extinctionsmayoccur.
In this case, the decline in cell number becomesmore pronounced for populations with
initially high evolvability (cf. the orange curves), hence providing the conditions for
extinctions to be more likely in the IB model. In Figures 8C and 8D, a relatively large
selection gradient η provides a steeper fitness landscape, triggering extinctions with a
higher likelihood. Now, the population decline becomes more pronounced both in the
symmetrical DFE (cf. Figure 8C) and the asymmetrical DFE (cf. Figure 8D) cases.
Moreover, in the latter case, populations starting with high evolvability (cf. the orange
curves) are driven to a population bottleneck, as predicted by the PIDEmodel. Finally,
in Figures 8E and 8F, the steepness of the fitness landscape is even greater because an
even larger selection gradient η is considered. This leads to a faster adaptation, but also
a faster (and sharper) decline in cell numbers. This is why, on average, populations
become extinct sooner than before in the IB model simulations.

3.3.3 How does the interplay between ‘endogenous’ and ‘exogenous’ costs of
evolvability affect the evolutionary dynamics?

Nowwe investigate scenarios where, in addition to the endogenous cost of evolvability
associated with an asymmetrical DFE, an exogenous cost associated with energy
investment to keep low levels of evolvability can also be present (André and Godelle
2006).With this aim, keeping θ > 0.5 (i.e. ξ3 > 0), we define the intrinsic net division
rate via Eqs. (5) and (7) with α > 0, and carry out numerical simulations of the IB
and PIDE models for different combinations of θ and α.

The simulation results in Figure 9 show how the evolutionary dynamics of the
cell population change in this scenario. These results show that, in the absence of an
exogenous cost over low levels of evolvability (i.e. when α = 0), low evolvability
cells are selected for, regardless of the value of θ (cf. Figures 9A-9C). On the contrary,
under the effect of an exogenous cost over low levels of evolvability (i.e. when α > 0),
high evolvability cells are selected for (cf. Figures 9D-9I) in the long term, hence
losing the evolutionary trend observed in the previous sections and in Figures 9A-
9C. For increasing values of α > 0 and θ > 0.5, not only does the asymptotic
proliferative potential becomes smaller (compared with the base case where α = 0),
but the asymptotic level of evolvability does the opposite, becoming larger the more
asymmetric the DFE becomes, and the higher the cost of evolvability is.

4 Discussion and Conclusions

This theoretical study sheds light on the impact of evolvability on the evolutionary
dynamics of phenotypically-structured cell populations. As a natural extension of
other works in the field (Bukkuri et al. 2023; Ardaševa et al. 2020; Ardaševa et al.
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Fig. 9 How ‘endogenous’ and ‘exogenous’ costs of evolvability affect the evolutionary dynamics.Dynamics
of the mean phenotypic state for th ∈ [0, 1000]. Blue curves correspond to a low initial mean level of
evolvability and a low initial mean level of proliferative potential – i.e. (x̄0, ȳ0) = (0.2, 0.2). Orange
curves correspond to a high initial mean level of evolvability and a low initial mean level of proliferative
potential – i.e. (x̄0, ȳ0) = (0.8, 0.2). Solid coloured lines display the averaged results of 10 numerical
simulations of the IB model. Solid transparent lines display the results of single simulations of the IB model
where population extinction occurs (i.e. IB model simulations that ended with a cell number of 0 ). Dashed
black lines display the results of numerical simulations of the continuum model. The grey arrows in panel
C indicate the direction of the phenotypic state trajectories. Numerical simulations of the IB model were
carried out using the initial phenotypic distribution defined via Eq. (16), the definition of the intrinsic net
division rate given by Eq. (5) complemented with Eq. (7), and the parameter values listed in Table 1 with
η = 0.5 and the values of α and θ specified in the different panels. Details of numerical simulations of the
continuum model are provided in the Appendix

2020a; Ortega-Sabater et al. 2022; Macfarlane et al. 2022), here we assume that her-
itable phenotypic variation and adaptive plasticity can be condensed into a cellular
evolvability trait subject to evolution (Payne and Wagner 2019). Thus our definition
of evolvability lies between those of the heritability and evolvability (sensu Wagner)
concepts as defined inPigliucci (2008).At a large evolutionary scale, evolvability could
also be termed innovation, generating major phenotypic (morphological, behavioural
or physiological) breakthroughs (Pigliucci 2008; Szathmáry and Smith 1995). That
connotation of evolvability strays from the definition considered in this paper.
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The evolution of mutation rate and its determinants have been extensively explored
from a mathematical point of view by other authors (Avila and Lehmann 2023; Xiong
et al. 2009; Goldie and Coldman 1979; André and Godelle 2006; Terekhanova et al.
2017). In this respect, it is relevant to point out that in this work evolvability and
mutation rates are not synonyms. In fact, we do not focus solely on phenotypic changes
driven by genetic mutations. Mutation rates are known to evolve, thus influencing the
adaptive potential of organisms. Evolvability encompasses changes in mutation rates,
but since it operates at several scales, it also encompasses changes in othermechanisms
providing variability, such as phenotypic plasticity.

Phenotypic plasticity can be an elusive concept, and precisely delineating its bio-
logical influences can be challenging. Nevertheless, it plays a pivotal role in the
proper functioning of biological systems across various scales. At a cellular level,
it is manifested through biological stochasticity, genetic and epigenetic diversity, and
macromolecule stability regulation. On a broader scale, it is reflected in ecological
phenomena such as niche partitioning, species interactions, and natural disturbances.
The impact of phenotypic plasticity is intensified under harsh environments such as
tumour development (Jenkinson et al. 2017) or perturbated ecosystems (Couzens and
Prideaux 2018; Choi et al. 2019; Pincheira-Donoso et al. 2015). Although it is difficult
to relate theoretical predictions to real examples, it has been assumed that phenotypic
plasticity is also subject to evolution (Masel et al. 2007; Chevin and Hoffmann 2017;
Rago et al. 2019).

It is also worth stressing that, despite the plethora of mechanisms contributing to it,
evolvability is assumed to be a single quantitative cell trait in our model, modulating
the ability of a cell to change its proliferative potential (Pienta et al. 2020). Similar to
other phenotypic traits, it is susceptible to spontaneous stochastic alterations in each
cell, affecting its adaptive potential. Our way of implementing evolvability is subject
to certain assumptions. The distribution of fitness effects (DFE) on cells undergoing
changes in their proliferation potential (with a probability linked to their respective
levels of evolvability) depends on a bias parameter θ , which models the probability
for the cells acquiring a lower level of proliferative potential. We studied both the
case where the DFE is symmetrical (θ = 0.5) and cases where asymmetry in the
DFE is present (θ > 0.5). In either case, in the absence of any cost, evolvability is
selected against after long periods of environmental stasis. As θ → 0.5+, a transient
phase where evolvability is selected for becomes relevant, helping cells traverse their
phenotypic landscape more quickly. However, if we consider an exogenous cost for
cells with low levels of evolvability, the opposite occurs: high evolvability is selected
for in the long term. Although these results do not consider changing environments,
it is known that, under such circumstances, evolvability can be linked to a suboptimal
proliferative potential state (Masel et al. 2007; Rago et al. 2019; Pérez-Aliacar et al.
2023). By allowing different transition probabilities to nearby proliferative poten-
tial states, our model reproduced this phenomenon (Figure 7). However, future work
should be conducted where changing environments are implemented in the context of
this model, evaluating their influence on the adaptive dynamics of clonal populations.

The interplay between proliferation rate and evolvability potential remains experi-
mentally unknown. We approached this relationship from a qualitative point of view
based on already known biological insights. The assumption that evolvability modu-
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lates the proliferative potential of a cell is basedon the assertion that greater adaptability
correlates with increased species success and is purposed as a first step in the study
of increasingly complex mathematical models of evolutionary dynamics that include
adaptive plasticity. As a starting point, we studied whether the outcome of the system
evolution could be dependent on the initial phenotypic composition of the population,
provided there is no fitness cost associated with evolvability, and that the DFE is asym-
metrical (as a base-case). We observed an asymptotic convergence of the simulations
to the maximum proliferative potential – lowest evolvability phenotype regardless of
the initial condition in an undisturbed environment (Figure 2). This is consistent with
earlier studies indicating that lowvalues of evolvability are positively selected in undis-
turbed environments and ensure balance and homeostasis at all levels of organisation
(Chatterjee and Walker 2017; Lee-Six et al. 2019; Moore et al. 2020; Cagan et al.
2022; Lynch 2011; Zeldovich et al. 2007).

However, in our analysis of the results at intermediate time points under various
initial conditions, we observed that cells with a higher degree of evolvability appear to
gain a competitive advantage during the initial stages of evolutionary dynamics. This
advantageous trait enables them to navigate the phenotypic landscape more swiftly,
thereby expediting the process of adaptation. These adaptive dynamics occur through
a two-step process. First, cells with elevated evolvability are favoured in the short
term. However, cells exhibiting high proliferative potential and lower evolvability
are favoured in the long term, leading to a phenomenon of canalisation towards a
robust phenotype (Waddington 1957; Wang et al. 2011). When there is no fitness
cost associated with evolvability and the initial mean level of evolvability of the cell
population is sufficiently low, phenotypic variants with a relatively high evolvability
level may have a temporary competitive advantage over the others on intermediate
time scales. However, as soon as the mean level of proliferative potential of the cell
population becomes sufficiently high, variants with high evolvability are outcompeted
by lower evolvability variants.

The fundamental principles underlying seemingly different phenomena – such as
ecosystem regulation, which occurs on large physical and temporal scales, and tumour
development, which unfolds over an organism’s lifetime – appear more similar than
one might expect. At a broader scale, adaptive radiation (Gavrilets and Losos 2009)
or biodiversity hotspots (Madriñán et al. 2013; Orme et al. 2005; Myers et al. 2000)
represent highly evolvable scenarios (Gavrilets and Vose 2005). Adaptive radiation
is usually followed by a decline phase in diversity which is linked to the continuous
adaptation of resident niche specialists (Meyer et al. 2011). These dynamics relate
the results of our population-level models with the less-evolvable more-proliferative
phenotype succeeding in the long term, and that evolvability levels are not constant in
time.

Following on this analysis in the case where there is no cost associated with
evolvability, and the DFE is symmetrical, the influence of the selection gradient on
proliferative potential was also studied, showing that the larger the selection gradi-
ent, the greater the competitive advantage of cells with high evolvability (during the
early stages of selection). The results in Figure 3 indicate that, when evolvability does
not imply a fitness cost, a stronger selection on the proliferative potential speeds up
the selective sweep underlying the fixation of fast-dividing phenotypic variants and it

123



   21 Page 26 of 35 J. Jiménez-Sánchez et al.

catalyses the selection of phenotypic variants with low evolvability on the long time
scale. Thus, a steeper selection gradient favours or accelerates adaptation, as each
jump in the direction of the optimal proliferative potential receives a greater reward.
Under challenging environments, increased adaptive plasticity seems to be selected
in the short-term in our simulation results, resembling what happens in other natural
contexts including adaptive radiation and the onset of therapy resistance (Russo et al.
2024). These dynamics mirror the negative epistasis phenomenon observed in numer-
ous fitness landscapes. In this scenario, as a population becomes better adapted to its
environment, the success of an advantageous mutation within that population becomes
increasingly challenging. This has been reported in asexual E. coli populations (Wiser
et al. 2013) although average fitness (i.e. growth rate) continues to increase in time.
Other authors reported that such a decrease in adaptability is best explained by the
reduction of beneficial changes available in the phenotypic space in the same species
(Wünsche et al. 2017).

This leads to another fact worth noting: high evolvability may not be free of charge
for the cell. In the aforementioned discussion about the case of a symmetrical DFE
we have ignored the deleterious effects of being evolvable and thus compromising the
integrity of fundamental cellular mechanisms. However, it is known that beneficial
mutations are less likely than detrimental ones (Eyre-Walker and Keightley 2007);
this implies that a greater level of evolvability may bring an endogenous cost that
penalises cell viability. A high level of phenotypic plasticity might also compromise
cell viability and ultimately phenotypic survival (Bukkuri et al. 2023; Giraud et al.
2001; Snell-Rood et al. 2010). Likewise, a low mutation rate may require such an
investment in keeping genome fidelity that proliferative potential may be adversely
affected (André and Godelle 2006). Hence, it is feasible to assume that evolvability
implies a fitness cost.

As a first approach to this issue, we considered a fitness cost for high levels of evolv-
ability (Figure 4), which is given (in the context of the model) by values of α > 0 in
the intrinsic net division rate (as defined in Eq. (5) complemented with Eq. (6)). These
numerical results support the conclusion that a greater fitness cost of evolvability may
cause faster selection of phenotypic variants with low evolvability, thus slowing down
the selective sweep that underlies the fixation of fast-dividing phenotypic variants.
The inclusion of a cost of evolvability in the model hinders the selection of cells with
higher evolvability during the early stages of evolutionary dynamics, but even in the
absence of such an exogenous cost (i.e. when α = 0), an asymmetrical DFE also
triggers such an effect (Figure 7). The asymmetry in the DFE produces more detri-
mental than beneficial variants; this encompasses an endogenous cost on cells with
high levels of evolvability. Although the limits of plasticity have not been studied in
as much depth as the benefits of maintaining phenotypic diversity, they have been
shown to have evolutionary consequences (DeWitt et al. 1998). Subsequently, cells
with high evolvabilitymay suffer fromdevelopmental instability and decreased robust-
ness (Klingenberg 2019; Williams 1957; Bien and Peters 2019; Scheiner 1993). In the
context of the model, we are able to reproduce this by several means, as demonstrated
in the discussion above.

Conversely, in Figure 9, we explore the scenario whereby low levels of evolvability
are considered to incur a cost. Again, cost is increased by considering values of α > 0
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in the intrinsic net division rate (but this time, as defined by Eq. (5) complemented with
Eq. (7)). There, the long-term dynamics change abruptly: now, cells with high levels of
evolvability (but not the maximum attainable level of evolvability, since we consider
an asymmetrical DFE) are selected for. If the cost effect on the proliferative potential
is small (i.e. α → 0+), the deviation from the base case is limited: evolvability is
selected against in the long term, recapitulating previous theoretical and empirical
results (André and Godelle 2006; Sniegowski et al. 2000). On the contrary, as the cost
increases, evolvability is selected for, regardless of the initial phenotypic distribution
of the population.

In the context of cancer, tumour cells appear to have compensated for possible neg-
ative effects of higher evolvability through the parallel selection of alternative multiple
metabolic and genetic mechanisms that enhance cell viability, such as cell redundancy,
copy number variation, and degeneration. Therefore, tumour cells may be better able
to inhabit this low-intermediate evolvability fitness cost window, leaving room for
exploratory behaviour and leading to the known increased phenotypic heterogeneity
observed in cancer (Househam et al. 2021; Neftel et al. 2019; Gupta et al. 2019; Zhang
et al. 2022).

Finally, we explored the occurrence of extinctions in the context of our model.
Extinctions can take place by different means; in the analysis with a symmetrical
DFE, they may arise due to the impact of different phenotypic landscapes on the
evolutionary dynamics of cell populations when both the gradient of selection and the
cost of evolvability come into play. In themost restrictive cases, where a steep selection
gradient and high cost of evolvability coincide, the phenotypic landscape can be so
harsh as to create the conditions for the extinction of certain populations (depending
on their initial phenotypic distribution) due to demographic stochasticity (Ardaševa
et al. 2020; Ardaševa et al. 2020a). This phenomenon is similar to what occurs in
threatened populations, where small groups (typically fewer than 1,000 individuals)
face a high risk of extinction due tomutationalmeltdown – an accumulation of harmful
phenotypic traits – over roughly 100 generations (Lynch et al. 1995; Olofsson et al.
2023; Zhang et al. 2022), and it has even been imposed as a therapeutic strategy (Jensen
et al. 2020), especially in the context of antiviral therapy. However, we showed that
extinctions may not only occur under such circumstances; they may also take place
even when all cells in the population have a positive intrinsic net division rate. In
Figure 8, we observe that, in scenarios where a drastic decline in cell numbers occurs
in the early stages of population dynamics and selection gradients are sufficiently
strong, the population may be stochastically driven to extinction too in the presence
of an asymmetrical DFE, especially when the initial evolvability of the population is
sufficiently high.

In our modelling framework, such extinctions can only be observed using the
discrete IB model, given its stochastic nature; in the continuum PIDE model, the
population never goes extinct unless a population reaching a size smaller than 1 is
considered to be extinct, such as in Bukkuri et al. (2023). However, when population
bottlenecks occur in the PIDEmodel, extinctions in the IB model become more likely.
This disagreement between the two models shows the importance of both paradigms
when studying the evolutionary dynamics of cell populations: deterministic continuum
models allow us to study the average behaviour of large populations, while stochastic
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discretemodels allowus to observe rare phenomena that can bemagnified at small pop-
ulation sizes. In future work, it would be insightful to perform amathematical analysis
of the continuum model used in this work, to explore the qualitative and quantitative
properties of the solutions of this model, and to study the asymptotic behaviour of
the cell populations described by it, evaluating the influence of evolvability in the
evolutionary dynamics.

The findings presented in Figures 5, 6, and 8 suggest that in more challenging
environments, where stronger natural selection acts on proliferative potential, a sub-
stantial fitness cost associated with evolvability could potentially contribute to the
extinction of cell populations. These cell populations would be primarily composed
of slow-dividing, less fit phenotypic variants possessing a high degree of evolvability.
The error catastrophe (Eigen 1971) in viruses caused by mutation rates greater than a
critical value is an example of such a situation, where a rapidly mutating viral genome
loses the ability to preserve its integrity (Pariente et al. 2005). The interaction between
elevated values of α and η (cf. Eq. (5)) in our models appears to drive the population
towards extinction. However, it is crucial to acknowledge that the persistence of a
population is also contingent on genetic and phenotypic variance, and the facilitation
of bounded adaptive evolution (evolvability) can promote the successful establishment
of a population (Pienta et al. 2020; Kanarek and Webb 2010).

In our current simple mechanistic model, we have focused on a static phenotypic
landscape. Still, we have been able to recover well known evolutionary behaviours, as
listed above. However, exploring the impact of evolving extrinsic selection pressures –
such as antibiotic, cytotoxic, or chemotherapeutic treatments, contingent on cell type
– on the evolutionary dynamics of populations undergoing changes in evolvability
is a critical aspect for further investigation. These considerations, including thera-
pies affecting cell stemness or inducing chromosomal instability, may significantly
influence the evolvability of cancer cells (McGranahan et al. 2012; Yan et al. 2023).
Extending our model to encompass various extrinsic pressures, such as conventional
cytotoxic therapies affecting highly proliferative cells in cancer, but also potential
epigenetic drugs targeting highly evolvable cells, could provide valuable insights that
could support the development of innovative therapeutic approaches against cancer.

Appendix

Appendix A1 Formal Derivation of the ContinuumModel

In the case where, between time-steps h and h + 1, each cell in phenotypic state
(yi , x j ) ∈ (0, 1)× (0, 1) undergoes phenotypic changes and divides or dies according
to the rules underlying the IB model, the principle of mass balance gives the following
difference equation

nh+1
i, j =

(
1 + �t R(yi , x j , N

h)
) {

μ(x j )
[
(1 − θ)nhi−1, j + θnhi+1, j

]

+ω

2

(
nhi, j−1 + nhi, j+1

)
+ [

1 − (
ω + μ(x j )

)]
nhi, j

}
. (A1)
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Using the fact that for �t , �y, and �x sufficiently small, the following relations hold

th ≈ t, th+1 ≈ t + �t

yi ≈ y, yi±1 ≈ y ± �y

x j ≈ x, x j±1 ≈ x ± �x

nhi, j ≈ n(t, y, x), nh+1
i, j ≈ n(t + �t, y, x)

nhi±1, j ≈ n(t, y ± �y, x)

nhi, j±1 ≈ n(t, y, x ± �x)

Nh ≈ N (t) :=
∫ 1

0

∫ 1

0
n(t, y, x) dy dx,

Eq. (A1) can be formally rewritten in the approximate form

n(t + �t, y, x) = (1 + �t R(y, x, N ))

×{μ(x) [(1 − θ)n(t, y − �y, x) + θn(t, y + �y, x)]

+ω

2
(n(t, y, x − �x) + n(t, y, x + �x)) + [1 − (ω + μ(x))] n(t, y, x)

}
.

(A2)

If n(t, y, x) is a sufficiently regular function of y and x then for�y and�x sufficiently
small we can use the Taylor expansions

n(t, y ± �y, x) = n(t, y, x) ± �y∂yn(t, y, x) + (�y)2

2
∂2yyn(t, y, x) + o((�y)2)

and

n(t, y, x ± �x) = n(t, y, x) ± �x∂xn(t, y, x) + (�x)2

2
∂2xxn(t, y, x) + o((�x)2) .

Substituting these Taylor expansions into Eq. (A2), after a little algebra, we obtain

n(t + �t, y, x) − n(t, y, x)

�t
= R(y, x, N ) n(t, y, x)

+
(

(�x)2 ω

2�t
∂2xx n(t, y, x) + (�y)2 μ(x)

2�t
∂2yyn(t, y, x) + �y(2θ − 1)μ(x)

�t
∂yn(t, y, x)

)

+h.o.t. , (A3)

where higher order terms in �t , �y, and �x have been grouped into h.o.t. .
If n(t, y, x) is also a sufficiently regular function of t, letting �t → 0+, �y → 0+,

�x → 0+, and θ → 0.5+ in such a way that the conditions given by Eq. (12) are met,
from the latter equation, rearranging terms, we formally obtain the PIDE (13). Finally,
zero-Neumann (i.e. no-flux) boundary conditions on the boundaryof the square [0, 1]×
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[0, 1] formally follow from the fact that the attempted phenotypic changes of the cells
are aborted if they require moving into a phenotypic state that does not belong to the
square [0, 1] × [0, 1].

Appendix A2 Details of Numerical Simulations of the Continuum
Model

To solve numerically the PIDE (13) subject to no-flux boundary conditions on the
square [0, 1] × [0, 1] and complemented with the continuum analogue of the initial
condition defined via Eq. (16), i.e.

n(0, y, x) = n0(y, x) := N 0 C exp

[
− (y − ȳ0)2

2(σ 0
y )2

− (x − x̄0)2

2(σ 0
x )2

]
(A4)

where C is a normalisation constant such that
∫ 1

0

∫ 1

0
n0(y, x) dy dx = N 0, we use

a uniform discretisation of the interval (0, 1) as the computational domain of the
independent variables y and x, and a uniform discretisation of the interval (0, t f ] with
t f ∈ {

5 × 102, 103
}
as the computational domain of the independent variable t. The

method for constructing numerical solutions is based on a three-point finite difference
explicit scheme for the diffusion terms and an explicit finite difference scheme for the
reaction term (LeVeque 2007). The parameter values are chosen to be consistent with
those used to carry out numerical simulations of the IB model, which are specified in
the main body of the paper. In particular, we define the values of ξ1, ξ2, and ξ3 via
Eq. (12).

Acknowledgements The authors would like to thank the two anonymous reviewers for their useful and
insightful comments on the first version of the manuscript.

Funding This work was partially supported by projects PID2022-142341OB-I00, funded by Ministerio de
Ciencia e Innovación/Agencia Estatal de Investigación, Spain (doi:10.13039/501100011033) and European
RegionalDevelopment Fund (ERDFAway ofmaking Europe); TED2021-132318B-I00 funded byMiniste-
rio de Ciencia e Innovación / Agencia Estatal de Investigación (doi:10.13039/501100011033) and European
Union “NextGenerationEU” /PRTR”; project SBPLY/24/180225/000193, funded by Junta de Comunidades
de Castilla-LaMancha, Spain and European Regional Development Fund (ERDFAway of making Europe)
and by University of Castilla-La Mancha / ERDF, A way of making Europe (Applied Research Projects)
under grant 2025-GRIN-3830. JJS would like to thank the Mathematical Institute (University of Oxford),
and the Dipartimento di Scienze Matematiche (DISMA, Politecnico di Torino), for their support and hos-
pitality during the development of this work. COS thanks the Spanish League Against Cancer (AECC)
for their support (grant number 2019-PRED-28372). PKM would like to thank the Isaac Newton Institute
for Mathematical Sciences, Cambridge, for support and hospitality during the programme Mathematics
of Movement where work on this paper was undertaken. This work was supported by EPSRC grant no
EP/R014604/1. TL gratefully acknowledges support from the Italian Ministry of University and Research
(MUR) through the grant PRIN 2020 project (No. 2020JLWP23) “Integrated Mathematical Approaches
to Socio-Epidemiological Dynamics” (CUP: E15F21005420006) and the grant PRIN2022-PNRR project
(No. P2022Z7ZAJ) “A Unitary Mathematical Framework for Modelling Muscular Dystrophies” (CUP:
E53D23018070001) funded by the European Union–NextGenerationEU. TL gratefully acknowledges also
support from the Istituto Nazionale di Alta Matematica (INdAM) and the Gruppo Nazionale per la Fisica
Matematica (GNFM).

123



First Explore, Then Settle: A Theoretical Analysis of… Page 31 of 35    21 

Data Availability This work does not rely on any data.

Declarations

Competing interests The authors declare no competing interests.

References

Darwin C (1859) On the origin of species by means of natural selection, or the preservation of favoured
races in the struggle for life. Murray, London

Houle D (1992) Comparing evolvability and variability of quantitative traits. Genetics 130(1):195–204
Lynch M, Walsh B, et al (1998) Genetics and Analysis of Quantitative Traits vol. 1. Sinauer Sunderland,

MA,
Hoffmann AA, Merilä J (1999) Heritable variation and evolution under favourable and unfavourable con-

ditions. Trends in Ecology & Evolution 14(3):96–101
Barrett RD, Schluter D (2008) Adaptation from standing genetic variation. Trends in Ecology & Evolution

23(1):38–44
Sigal A, Milo R, Cohen A, Geva-Zatorsky N, Klein Y, Liron Y, Rosenfeld N, Danon T, Perzov N, Alon U

(2006) Variability and memory of protein levels in human cells. Nature 444(7119):643–646
Whiting FJ, Househam J, Baker A-M, Sottoriva A, Graham TA (2024) Phenotypic noise and plasticity in

cancer evolution. Trends Cell Biol 34(6):451–464
Kunkel TA, Bebenek K (2000) Dna replication fidelity. Annu Rev Biochem 69(1):497–529
Eyre-Walker A, Keightley PD (2007) The distribution of fitness effects of new mutations. Nat Rev Genet

8(8):610–618
Eyre-Walker A (2006) The genomic rate of adaptive evolution. Trends in Ecology & Evolution 21(10):569–

575
Galhardo RS, Hastings PJ, Rosenberg SM (2007) Mutation as a stress response and the regulation of

evolvability. Crit Rev Biochem Mol Biol 42(5):399–435
True HL, Berlin I, Lindquist SL (2004) Epigenetic regulation of translation reveals hidden genetic variation

to produce complex traits. Nature 431(7005):184–187
Blake WJ, Kærn M, Cantor CR, Collins JJ (2003) Noise in eukaryotic gene expression. Nature

422(6932):633–637
Elowitz MB, Levine AJ, Siggia ED, Swain PS (2002) Stochastic gene expression in a single cell. Science

297(5584):1183–1186
Allan Drummond D, Wilke CO (2009) The evolutionary consequences of erroneous protein synthesis. Nat

Rev Genet 10(10):715–724
Capp J (2021) Interplay between genetic, epigenetic, and gene expression variability: Considering com-

plexity in evolvability. Evol Appl 14(4):893–901. https://doi.org/10.1111/eva.13204
McAdams HH, Arkin A (1999) It’s a noisy business! genetic regulation at the nanomolar scale. Trends

Genet 15(2):65–69
Raser JM, O’Shea EK (2005) Noise in gene expression: origins, consequences, and control. Science

309(5743):2010–2013
SanchezA,Golding I (2013)Genetic determinants and cellular constraints in noisy gene expression. Science

342(6163):1188–1193
Guinn MT, Wan Y, Levovitz S, Yang D, Rosner MR, Balázsi G (2020) Observation and Control of Gene

Expression Noise: Barrier Crossing Analogies Between Drug Resistance and Metastasis. Frontiers in
Genetics 11, 586726 https://doi.org/10.3389/fgene.2020.586726

Kirschner M, Gerhart J (1998) Evolvability. Proc Natl Acad Sci 95(15):8420–8427
Payne JL, Wagner A (2019) The causes of evolvability and their evolution. Nat Rev Genet 20(1):24–38
Pigliucci M (2008) Is evolvability evolvable? Nat Rev Genet 9(1):75–82
Masel J, Trotter MV (2010) Robustness and evolvability. Trends Genet 26(9):406–414
Bukkuri A, Pienta KJ, Amend SR, Austin RH, Hammarlund EU, Brown JS (2023) The contribution of

evolvability to the eco-evolutionary dynamics of competing species. Ecology and Evolution 13(10)
Cohen D (1966) Optimizing reproduction in a randomly varying environment. J Theor Biol 12:119–129
Harvey PH, Partridge L (1987) What is bet-hedging? Oxf Surv Evol Biol 4:182–211

123

https://doi.org/10.1111/eva.13204
https://doi.org/10.3389/fgene.2020.586726


   21 Page 32 of 35 J. Jiménez-Sánchez et al.

Slatkin M (1974) Hedging one’s evolutionary bets. Nature 250:704–705
Riederer JM, Tiso S, Eldijk TJ, Weissing FJ (2022) Capturing the facets of evolvability in a mechanistic

framework. Trends in Ecology & Evolution 37(5):430–439
Payne JL, Wagner A (2014) The robustness and evolvability of transcription factor binding sites. Science

343(6173):875–877
Wagner A (2023) Evolvability-enhancing mutations in the fitness landscapes of an RNA and a protein. Nat

Commun 14(1):3624
Colegrave N, Collins S (2008) Experimental evolution: experimental evolution and evolvability. Heredity

100(5):464–470
Bódi Z, Farkas Z, Nevozhay D, Kalapis D, Lázár V, Csörgő B, Nyerges Á, Szamecz B, Fekete G, Papp B,
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