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Abstract
The spatial range of a species habitat is generally determined by the ability of the species to copewith
biotic and abiotic variables that vary in space. Therefore, the species range is itself an evolvable
property. Indeed, environmental gradients permit amode of evolution inwhich range expansion and
adaptation go hand in hand. This process can contribute to rapid evolution of drug resistant bacteria
and viruses, because drug concentrations in humans and livestock treatedwith antibiotics are far from
uniform.Here, we use aminimal stochasticmodel of discrete, interacting organisms evolving in
continuous space to study how the rate of adaptation of a quantitative trait depends on the steepness of
the gradient and various population parameters.We discuss analytical results for themean-field limit
as well as extensive stochastic simulations. These simulations were performed using an exact, event-
driven simulation scheme that can deal with continuous time-, density- and coordinate-dependent
reaction rates and could be used for awide variety of stochastic systems. The results reveal two
qualitative regimes. If the gradient is shallow, the rate of adaptation is limited by dispersion and
increases linearly with the gradient slope. If the gradient is steep, the adaptation rate is limited by
mutation. In this regime, themean-field result is highlymisleading: it predicts that the adaptation rate
continues to increase with the gradient slope, whereas stochastic simulations show that it in fact
decreases with the square root of the slope. This discrepancy underscores the importance of
discreteness and stochasticity even at high population densities;mean-field results, including those
routinely used in quantitative genetics, should be interpretedwith care.

1. Introduction

In those classical models of evolving populations that
include spatial degrees of freedom, the habitat typically
has a fixed range and geometry [1]. Adaptation, then,
is driven by the selection of traits that improve an
organism’s performance in that habitat. In reality, the
habitat and spatial range of a species are themselves
evolvable properties. Generally, the species range is
affected by the species’ ability to cope with biotic,
abiotic, or antibiotic conditions that are heteroge-
neous in space, and traits that affect this ability are
clearly subject to natural selection [2]. Many basic
results of population genetics, based on standard
models such as the Wright–Fisher and Moran models
[3], are not applicable to this mode of adaptation, and

attempts to formulate and study suitable alternatives
are few.

Many range boundaries observed in nature appear
relatively stable, and yet cannot be explained by an
obvious shift in environmental conditions [4]. For this
reason, a significant amount of theoretical work has
been devoted to identifying the factors that determine
the range limits of species and the mechanisms that
contribute to their stability (e.g., see [2, 4–9] and refer-
ences therein). These studies often rely on the frame-
work of quantitative genetics. Perhaps because of this
focus on understanding stable boundaries, less atten-
tion has been given to the dynamics of range expan-
sionwhen the boundaries are not evolutionarily stable.

In the recent years, however, adaptation driven by
environmental heterogeneity and range expansion
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have received additional attention because of their
possible implications for the evolution of drug resis-
tant bacteria and viruses [10–16]. In humans and live-
stock treated with antibiotics, drug concentrations
differ between tissues, organs, and individuals [17].
Environments with low concentrations can function
as ‘sanctuaries’, ‘reservoirs’, or ‘sources’ [10–12, 18–
21] of poorly adapted strains, and local concentration
gradients can provide a ‘staircase’ for adaptation,
allowing it to proceed step by step, with adaptation
and range expansion going hand in hand [14–16].
Indeed, in experiments using micro-environments
with an antibiotic gradient, E. coli rapidly evolved drug
resistance [22]. Despite this recent work, many basic
questions remain unanswered. If heterogeneity can
promote adaptation, then what geometries optimize
the rate of adaptation? What parameters and quan-
tities tend to affect the rate of adaptation most
strongly? What determines the ‘Goldilocks point’ for
the rate of adaptation [23], or in other words, what
magnitude of the gradient leads to the optimal ‘resist-
ance-selective environment’ [24]?

Here, we present a toy model designed to explore
such questions. It describes an asexual population
adapting to a linear environmental gradient that limits
its range. We choose a highly simplified description
that allows basic intuitions to be developed and tested.
While motivated by, and possibly relevant to, the evol-
ution of antibiotic resistance in bacteria, we deliber-
ately keep the formulation general.

Many phenotypes, including antibiotic resistance
levels, are determined by a combination of genetic

factors as well as many intrinsic and extrinsic non-
genetic (environmental) influences. Nevertheless, pre-
vious models of resistance evolution in antibiotic gra-
dients assumed a discrete, one-dimensional,
unbranched space of genotypes and a one-to-one gen-
otype-to-phenotype mapping [14, 15]. (We discuss
these models in more detail in the Discussion and
Conclusions section.) While such a fitness landscape
can perhaps approximate more complex, higher-
dimensional systems projected onto a single reaction
coordinate, the regular discretization is certainly an
idealization. Here, we take an orthogonal approach by
assuming that the evolving phenotype is a quantitative
trait, that is, a phenotype that can be characterized by a
continuous variable [25]. Examples of quantitative
traits are height, weight, and blood pressure, and their
(apparent) continuity usually derives from a combina-
tion of polygenic effects and/or environmental influ-
ences. Even though the drug resistance level of a
bacterium, often expressed as the minimal inhibitory
concentration (MIC), can in principle take on con-
tinuous values and is certainly affected by many
genetic and non-genetic factors, we do not claim that
this approach is more realistic per se; rather, the
approaches should be seen as complementary.

Below, we first define the model. We then proceed
to study its behavior in the mean-field limit, where we
can derive an analytical expression for the adaptation
rate. Next, we compare the mean-field result to dis-
crete-stochastic simulations. In order to simulate large
numbers of interacting individuals dispersing and
evolving in continuous space and time, we have used
an event-driven simulation method that is both exact
and surprisingly efficient.

We will see that the behavior of the model shows
two regimes: a dispersion-limited regime and a muta-
tion-limited regime. In the dispersion-limited regime,
the mean-field prediction provides useful intuitions
and qualitatively sound results, even though, quantita-
tively, its deviations from stochastic simulations can
be substantial. In the mutation-limited regime, how-
ever, the mean-field prediction becomes highly mis-
leading even at very large population densities,
demonstrating that such approximations, including
those routinely used in quantitative genetics, must be
usedwith caution.

2. The ‘ramp’model

We envision a population of organisms in a one-
dimensional continuous space. Each organism is
characterized by its position x and its trait value y; the
population can therefore be represented by a cloud of
points (x, y) in a two-dimensional phenotype–position
plane (see figure 1). The organisms disperse in real
space (horizontally) by diffusion, with diffusion con-
stant Dx. Assuming that mutations cause small
changes in the trait value y, we also model phenotypic

Figure 1.The ‘ramp’model of adaptation in an environ-
mental gradient. Asexual organisms (black dots) inhabit a
one-dimensional environment, plotted horizontally, and are
characterized by the value of a quantitative trait y, plotted
vertically. They disperse diffusively (horizontally)with diffu-
sion constantDx. Their quantitative trait value can change
due tomutation and/or environmental factors,modeled as
diffusion in the vertical directionwith diffusion constantDy.
Organisms die at a rate d. They reproduce (duplicate)
logistically, that is, at a rate decreasing linearly from r to 0 as
the local density increases from0 to the carrying capacity k;
the local density is assessed by a kernel density estimatewith
standard deviation (interaction range) s. Crucially, reproduc-
tion is possible for organismswith trait value y at position x
only if >y ax , where the slope a represents the steepness of
an environmental gradient that limits the species range. This
defines a diagonal ‘ramp’ (red line), belowwhich organisms
are not sufficiently adapted to reproduce. As the population
adapts, it ‘climbs’ the ramp at an asymptotic rate v that can
be decomposed into the invasion rate vx and the adaptation
rate vy.
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change as a diffusion process (vertically), with diffu-
sion constantDy.

Organisms reproduce asexually by division; the
daughter is placed at the exact same coordinates as the
mother. To implement local resource competition,
the stochastic rate of reproduction gi of an organism i
depends logistically on the local population density.
This local density is measured by a kernel density esti-
mate, that is, by the convolution of the population dis-
tribution with a compact interaction kernel O(x). In
the simulations below, we choose O(x) to be Gaussian
with standard deviation (‘interaction range’) s. The
effect of the environmental gradient is included by sti-
pulating that individuals at position x can reproduce
only if they have a trait value >y ax. In the diagram in
figure 1, this defines a diagonal ‘ramp’ (red line) divid-
ing the organisms that are sufficiently adapted to
reproduce from those that are not; its slope a reflects
the steepness of the environmental gradient. To sum-
marize, the rate of reproduction of individual i can be
expressed as

å= -
-

-
¹

( ∣ )
( ) ( )

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟g r

O x x s
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where r is the maximal rate of reproduction, k is the
carrying capacity per unit of length, and H(y) is the
Heaviside step function. We stress that, through
equation (1), the growth rate of each organism
depends on its own coordinates, as well as on the
relative position of every other individual in the
population.

Lastly, organisms die at afixed stochastic rate d.
Below we demonstrate that an initially compact

population distribution starts to ‘climb’ the ramp,
simultaneously invading new territory and adapting to
the gradient. In time, the population front obtains a
fixed average velocity in the phenotype–position
space, denoted v. The component of this velocity in
the x-direction vx we identify as the rate of invasion,
and the component in the y direction vy as the rate
of adaptation, as illustrated in figure 1 with black
arrows.

3. Results

In this section, we first study the mean-field limit
of the ramp model and calculate the rate of
adaptation in this limit analytically. Next, we com-
pare the mean-field results to discrete-stochastic
simulations.

3.1. Themean-fieldmodel
If the population density is large, the following mean-
field descriptionwould seem appropriate:
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(Remember that d is the death rate; dn is not a
differential.) Here ( )n x y, is the (now continuous)
density of organisms with trait value y and position x.
For convenience, we replace all variables and para-
meters by dimensionless ones denoted by corresp-
onding Greek characters. Effectively, we scale time,
position and phenotype such that the net growth rate
above the ramp -( )r d and both diffusion constants
Dx and Dy are set to unity; see table 1. Thus,
equation (2) simplifies to

This reveals that the behavior of the mean-field model
depends on just three lumped, dimensionless para-
meters: the slope of the ramp α, the death rate δ, and
the interaction range σ (the standard deviation of the
interaction kernel).

For given parameters, equation (3) can be integrated
numerically (see the Methods section). As an example,

n
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Table 1.Dimensionless variables and parameters. All quan-
tities of the originalmodel (left column, Roman characters) are
replaced by convenient dimensionless alternatives (right col-
umn,Greek characters). Effectively, the net growth rate above
the ramp -( )r d and both diffusion constantsDx andDy are
set to unity by scaling time t, position x and phenotype y. Only
four dimensionless parameters remain: the slope of the ramp
α, the death rate δ, the carrying capacityκ, and the interaction
rangeσ. The population density ( )n x y, appears only in the
mean-field theory; the rescaled density n c y( ), absorbsκ,
thus eliminating onemore parameter.

Original quantity Dimensionless alternative

t t º -( )r d t

x c º -r d D xx

y y º -r d D yy

d d º -d r d

r d+1

Dx 1

Dy 1

a a º D D ax y

k k º -D r d kx

s s º -r d D sx

( )n x y, n c y º -( ) ( ) ( )r D r d n x y k, ,y
2 3
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figure 2 shows results for one particular parameter
choice. Figure 2(a) displays the population density in
real space (i.e, òn c n c y yº( ) ( )† , d ) for a series of
(equally spaced) time points. This figure clearly shows
how, in time, the population front obtains a fixed shape
and a constant invasion rate. The asymptotic pulse
shape in the two-dimensional phenotype–position
space offigure 1 is displayed infigure 2(b).

We wish to derive the asymptotic velocity of
the front analytically. To do so, we exploit that the pulse
is a pulled front [26], similar to the famous Fisher–Kol-
mogorov–Petrovsky–Piscounov (F–KPP) front [27, 28].
The asymptotic velocity of pulled fronts developing
from a compact initial distribution is determined
entirely by the propagation velocity of small perturba-
tions of the linearly unstable state n = 0 [26]. Therefore,
it can be obtained from linearized equations. Linearizing
equation (3) around n = 0 results in

n
t

n
n y ac
dn y ac

¶
¶

=  +
- <

( )
⎧⎨⎩

for

for .
42

This equation describes a diffusing population in two
dimensions of individuals that reproduce above the
ramp at rate 1 and die below the ramp at a rate δ. Two
important conclusions follow. First, the asymptotic
velocity of the pulse does not depend on the interac-
tion kernel chosen. Second, we note that a rotation of
the coordinate frame leaves equation (4) invariant
except for a change in α; conversely, that means that
the solutions of equation (4) for different values of α
are identical up to a rotation. This directly proves that
the velocity of the front parallel to the ramp v (see
figure 1) is independent ofα. The rate of adaptation vψ
then follows by projecting v onto the ψ-axis. The
result is

a
a

=
+

y ( )v v
1

. 5
2

2 

This analysis does not exclude that vmight depend on
δ. However, we derive in the appendix that =v 2 (as
expected for F–KPP-type fronts), independent of δ.

In figure 3 we verify equation (5) by measuring the
adaptation rate using numerical solutions of the full
nonlinear equation (equation (3)), for a range of values
α and δ (see the Methods section below for technical
details). Also included are results for the limit d  ¥,
where the ramp effectively becomes an absorbing
boundary. All results are in excellent agreement with
the analytical prediction (solid red line). The rates cal-
culated for different values of δ (symbols) fall right on
top of each other, confirming that the adaptation rate
is independent of δ.

In terms of the original dimensional parameters,
the adaptation rate reads:

=
-

+

( )
( )v

r d D D a

D D a

4
. 6y

y x

y x

2

2

It is useful to distinguish two regimes in this result. If
a D Dy x

2  (that is, a 1 ), the rate of adaptation
approaches = -( )v r d D a2y x . In this regime, the
adaptation rate is clearly not limited by the mutation
rate Dy. Phenotypic diversity is generated at a suffi-
ciently high rate to allow the pulse to invade new
territory essentially unimpeded by the required adap-
tation, at the invasion rate = -( )v r d D2x x

expected for an F–KPP front. We call this the disper-
sion-limited regime. If, instead, a D Dy x

2  (that is,
a 1 ), then » -( )v r d D2y y , and the adaptation
is directly limited by the mutation rate. In this regime
the rate becomes independent of bothDx and a.

Remarkably, equations (5) and (6) show that the
adaptation rate increases strictly monotonically with
the gradient slope. This is unexpected: intuitively,
adaptation against a very steep gradient should be
slow, because in this limit only those rare mutations
that cause an unusually large increase in the quantita-
tive trait allow for a significant range expansion. And
yet, in the mean-field limit a larger slope always yields
faster adaptation, even in themutation-limited regime
of a 1 . To test whether this is an artifact of the
mean-field limit, we now compare the above results to

Figure 2.Example of the numerical solutions of themean-field equation, equation (3). Parameters: a = 1, d = 1 9, s  0 (i.e., the
interaction kernel is theDirac delta function.). (A)Population density in real space for various time points t = ¼4.24, 8.48, , 55.2.
After some time, the leading edge of the pulse obtains a fixed shape (red curve)with a constant invasion rate. (B)The front of the two-
dimensional population distribution converges to thefixed shape shownhere.Wenormalized themaximumdensity to 1, and both
axes have an arbitrary offset.
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stochastic simulations of discrete organisms at a finite
carrying capacity.

3.2.Discrete-stochastic simulations
Exact simulations of the stochastic ramp model are
challenging. Through equation (1), the reproduction
rate of each individual depends on the coordinates of
all organisms. Because each organism diffuses in
continuous time and space, the reproduction rates of
all individuals fluctuate rapidly and in unpredictable
ways, which disqualifies the standard Gillespie algo-
rithm [29]. We therefore used an event-driven simula-
tion scheme that is both exact and remarkably
efficient. We call it the WHINE algorithm. It can deal
with reaction rates that depend on time or on any
number of other variables, and could therefore be
applied to a large variety of stochastic systems studied
within and outside of population biology.

The crucial idea is to extend the stochastic model
with a ‘dummy’ process: an additional process that has
no consequences for the behavior of the system. This
process is given a reaction rate such that the sum of all
rates of reactions affecting each given individual (in
this case growth, death, and ‘dummy’) becomes con-
stant—that is, independent of time and other coordi-
nates, and the same for all individuals. Consequently,
the next-reaction time and the 2D diffusion (in con-
tinuous space and time) of the organisms become sta-
tistically independent and can therefore be sampled
from their exact continuous probability distributions,
without a need to discretize space, quantitative trait
values, or time. The exact algorithm is detailed in the
Methods section below.

We performed simulations for a large number of
parameter combinations. Figure 4(a) is a snapshots
from one of these, showing a dense cloud of nearly
30 000 organisms steadily climbing the ramp
(k = 500). Figure 4(b) displays a kernel density esti-
mate of the exact same configuration. In this simula-
tion, the same slope and death rate (α and δ)were used
as in the mean-field snapshot of figure 2(b). Compar-
ison between figures 4(b) and 2(b) confirms the expec-
ted similarity at high carrying capacities between the
pulse of the mean-field model and that of the stochas-
ticmodel.

We have used such simulations to measure the
adaptation rate for a broad range of parameter values.
Some results are shown in figure 5(a), were the adapta-
tion rate is plotted against the slope α for many values
of the carrying capacity κ. In the dispersion-limited
regime (a 1 ), we see that the results are qualita-
tively similar to the mean-field result (red line), even
though significant quantitative deviations are found
even at large carrying capacities (this was to be expec-
ted; see Discussion). In the mutation-limited regime
(a 1 ) however, themean-field result deviates quali-
tatively from the stochastic simulations: in the mean-
field, the adaptation rate saturates at =yv 2, whereas
the stochastic simulations show a rapid decrease in vψ
with increasing α. For any fixed slope α, the adapta-
tion rate approaches the mean-field prediction as the
carrying capacity is increased. Nevertheless, for each
fixed value of the carrying capacity, the adaptation rate
is non-monotonic as a function of α, in striking con-
trast with the mean-field result. At small carrying
capacities, the slope providing the maximal rate of
adaptation is near a = 1; at larger carrying capacities
the optimum slowly creeps to the right. In all cases,
however, the adaptation rate is already close to optimal
at a = 1.

In order to understand the observed discrepancy,
we study the convergence of the simulation results to
the mean-field prediction. We consider the deviation
from the mean-field prediction D º -y yv v,MF ,S,
where we denoted the adaptation rate in the stochastic
model by yv ,S and themean-field expectation by yv ,MF.
Figure S1 shows the relative deviation D yv ,MF for
three values of the slope α as a function of the carrying
capacity κ. In the simulated regime of k = 1 to 1000,
we find that the convergence to themean-field result is
well described by a power law k kD = m-( ) Q , where
the prefactor Q and exponent μ depend on the para-
meters other thanκ (towit,α, δ andσ).

Figure 6(a) plots exponent μ as a function of the
slope α, for two values of interaction range σ. In the
dispersion-limited regime,μ is roughly constant, but
in the mutation-limited regime the scaling is well
described by m aµ -1 2. This does not depend on a
particular choice of σ or δ: While the convergence
becomes slower over-all if σ is increased, the scaling
is not affected (figure 6(a)), and if the death rate δ is
reduced, the convergence becomes slower in the

Figure 3.Rate of adaptation vψ as a function of the slopeα
according to themean-field theory of equation (3). (See table 1
for definitions of the dimensionless quantities.)The solid line
shows the analytical prediction of equation (5). Symbols
represent results fromnumerical solutions of themean-field
equation, for various values of the death rate δ. Also shown
are results for the limit d  ¥, where the ramp becomes an
absorbing boundary. The symbols for all δ fall right on top of
each other, confirming that the adaptation rate is independent
of δ, as predicted.
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mutation-limited regime, but the same square-root
behavior is found for large enough α (see figure
S2(a)). We conclude that, in the mutation-limited
regime, the convergence to the mean-field limit
slows down strongly as α increases. This non-uni-
form convergence explains how a non-monotonic
dependence of the adaptation rate on the slope at any
finite population density can, in fact, be consistent
with a monotonic dependence in the mean-field
limit.

Figure 6(b) plots the prefactorQ as a function ofα,
again for two values of σ. It appears that Q is propor-
tional with α when a  1 but converges to - a2 1
when a  1. This is remarkably insensitive to changes
inσ (figure 6(b)) or δ (figure S2(b)).

As a result of these scalings, we can reasonably
summarize our simulation results as follows:

ak a

a k a
»
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Here, the coefficients c1, c2 and c3 depend on σ and δ,
even though c1 and c2 appear to be very insensitive to
changes in these parameters (as seen in figures 6(b)
and S2(b)). Figure S3 demonstrates the quality of
equation (7) as an approximation to the data of
figure 5. Incidentally, we note that an expansion of
equation (7) in the limit of large α shows that yv scales
as aµ - ;1 2 this behavior can indeed be seen in
figures 5 and S3 for sufficiently largeα andκ.

One rather drastic assumption of the ramp model
is that the rate of reproduction switches dis-
continuously from zero to afinite value as an organism
moves from below to above the ramp. To test whether
this discontinuity crucially affects the above results, we

Figure 4. Snapshot of the front of the population pulse in a stochastic simulation. Parameters: a = 1, d = 1 9 (as infigure 2),
k = 500, and s = 1. (A)Each dot represents an individual organism; thefield of view contains 29561 individuals. (B)Contour plot of
a kernel density estimate calculated for the snapshot infigure A (Gaussian kernel, bandwidth b = 1). Themaximal density is
normalized to 1 to allow comparisonwith themean-field pulse infigure 2(b), which has a highly similar shape.

Figure 5.Adaptation rate vψ versus the slopeα at various carrying capacities: k Î { }1, 2, 5, 10, 20, 50, 100, 500 . The red solid line
shows themean-field prediction.While a strictlymonotonic relation is predicted by themean-field result, stochastic simulations
show an optimumaround a  1.With increasing carrying capacity, the simulation results approach themean-field result, but at any
finite carrying capacity the adaptation rate is non-monotonic as a function ofα. At sufficiently largeα andκ, we find that vψ scales as
a-1 2. Parameters: d = 1 9 and s = 1, as infigure 4.
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performed additional simulations in which the step
functionH(y) of equation (2)b is replaced by a sigmoi-
dal (logistic) function L(y) defined as:

=
+ -

( ) ( )L y
1

1 e
. 8

y w4

Herew is the width of the transition region, arbitrarily
defined as the interval where L(y) increases from 12%
to 88% of its maximal value. As shown in figure S4, the
results are essentially the same as for the step function,
even if the transition region is wide (w = 16).

4.Discussion and conclusions

We have presented results from stochastic simulations
and a corresponding mean-field model. These results
identified two qualitatively different regimes: a disper-
sion-limited regime (a D Dy x

2  ) and a mutation-
limited regime (a D Dy x

2  ). In the dispersion-
limited regime, the invasion rate vx is not affected by
the gradient. As a consequence, the adaptation rate

=v avy x is linear in a. In this regime, the velocity of the
pulse is insensitive to the mutation rate Dy, which is
sufficiently high to provide the phenotypic variation
required for the population to adapt sufficiently fast.
The dispersion rate Dx, however, does directly limit
the invasion rate, which is = -( )v r d D2x x in the
mean field—the rate expected for an F–KPP front—
with quantitative corrections at finite carrying capa-
cities. In the mutation-limited regime the situation
becomes more complex. The mean-field model pre-
dicts an adaptation rate = -( )v r d D2y y indepen-
dent of a or Dx. This prediction, however, proves
highly misleading: the adaptation rate in fact decreases
with a at any finite carrying capacity. This discrepancy
is caused by a non-uniform convergence to the mean-
field limit for different values of a. At any finite

carrying capacity, then, a non-monotonic dependence
of the adaptation rate on the slope is found. The
optimal gradient for adaptation (all else equal) occurs
where these two regimesmeet, that is, at »a D Dy x .

The effect of stochasticity on the propagation of
pulled fronts has been studied extensively, in part-
icular in the context of (variants of) the F–KPP front in
one and two dimensions (e.g., [26, 30–37]). This work
has shown that, in such fronts, the convergence to the
mean-field limit with increasing population density is
anomalously slow, so that significant quantitative dif-
ferences can be found between mean-field and finite-
density stochastic models even at large population
densities. The result above show, however, that the
consequences are not necessarily limited to quantita-
tive deviations but can actually lead to qualitatively
wrong conclusions.

Heuristically, the large difference between the
mean-field result and the stochastic simulations in the
mutation-limited regime can be understood by con-
sidering the effects of scaling the spatial dimension
(the x axis). In both models, scaling space must leave
the rate of adaptation (i.e., the propagation in the y
direction) unchanged, but does change the slope a. In
the mean field, the velocity of the pulse is determined
by the behavior far ahead of the bulk, where the linear-
ized equation reigns and the nonlinear interaction ker-
nel can be ignored. Then, the effect of scaling the x axis
by a factor ò is only to replace the slope by a and the
dispersion rate by Dx

2. The adaptation rate at a given
a and Dx must therefore equal the adaptation rate at
slope 1 and dispersion rate D ax

2. That is, increasing a
has the same effect on the adaptation rate as increasing
Dx: it leads to an increase in the adaptation rate that
saturates when dispersion is no longer limiting. In the
stochastic model, however, the interaction kernel can-
not be ignored. Scaling of the x axis now has two

Figure 6.Convergence of stochastic simulations to themean-field result with increasing carrying capacityκ. In the simulated regime
of k = 1 to 1000, the deviationΔ from themean-field result appears to obey a power law kD = m-Q , where the exponentμ and the
prefactorQ depend on the slopeα (seefigure S1). (A)Plotted isμ as a function ofα, for s = 1 (black crosses) and s = 8 (red
triangles). Two regimes are found: for a < 1,μ is approximately constant, whereas for a > 1 the data are well summarized by
m aµ -1 2. The standard deviation of the interaction kernelσ affects the numerical constants, but not the scaling. (B)The prefactorQ
as a function ofα, for s = 1 (black crosses) and s = 8 (red triangles). For a < 1, wefind that aµQ , whereas for a  1 the results
are wellfitted by a= -Q 2 1 . These results are remarkably insensitive to changes inσ. (In both plots, d = 1 9.)
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additional effects: it simultaneously decreases the car-
rying capacity k and increases the standard deviation s
of the interaction kernel by a factor ò. Both of these
effects tend to reduce the rate of adaptation and move
the system away from the mean-field limit towards a
strong-noise regime. In addition, as Dx is increased,
individuals at the leading edge of the pulse rapidly dif-
fuse away, into the regime >x y a where they cannot
reproduce; this further reduces the population density
at the front. Unfortunately, we have not yet been able
to find a mathematical derivation of the precise scal-
ings found infigure 6; we hope that futureworkwillfill
this void, perhaps based on the scalings found for the
strong-noise regime of the F–KPPwave [35, 37].

In the past few years, two models have been pub-
lished that seem very similar to the rampmodel on the
surface, but differ crucially from it upon closer inspec-
tion [14, 15].

The first model is the so-called staircase model
[14]. The assumptions of this model are closely analo-
gous to the rampmodel. Themain difference is that in
the staircase model both space and phenotype are dis-
cretized. Bacteria can stochastically migrate between
neighboring ‘compartments’, but in order to repro-
duce in compartment i a bacterium must accumulate
-i 1 mutations. Consequently, instead of the con-

tinuous ramp of the ramp model, (red line in figure 1)
it features a discrete ‘staircase’ allowing adaptation and
invasion to proceed step by step. This seeminglyminor
difference makes a direct comparison between the
models highly problematic. First and foremost, in the
staircase model the steepness of the gradient is not a
parameter; because the staircase is directly linked to
the discretization of genotype and space, the steepness
cannot be varied independently. Consequently, the
main results of the ramp model presented above have
no direct counterpart in the staircasemodel. Second, it
is tempting to view the ramp model as the continuum
limit of the staircase model; that is, as the limit in
which the size of the compartments Dx and the spa-
cing between the discrete phenotypes Dy are reduced
while simultaneously the migration and mutation
rates ν and μ are adjusted such as to keep the macro-
scopic rates of diffusion nDx2 and mDy2 constant.
But there are complications. In the staircase model,
individuals compete only if they are in the same spatial
compartment. In the continuum limit, the interaction
range therefore tends to zero, with pathological con-
sequences. Moreover, the published analysis of the
staircase model explicitly assumed that the compart-
ments are somewhat isolated (specifically, that the
migration rate is low compared to the death rate) and
that the carrying capacity per compartment is large.
Both assumptions are violated in a continuum limit;
consequently, in this limit the published results on the
staircasemodel become invalid.

Indeed, while so-called mutation-limited and dis-
persion-limited (migration-limited) regimes were
found in both models, these regimes have entirely

different interpretations. For instance, in the ramp
model, the dispersion-limited regime exists because,
at a very high mutation rate, the invasion rate approa-
ches but cannot exceed the velocity of the F–KPP

model, which depends on the dispersion rate and not
on the mutation rate. In the staircase model, the dis-
persion-limited regime (as defined in [14]) occurs
when the mutation rate is high enough to expect that,
during each step on the staircase, multiple mutant
lineages compete to become the founder of the next
compartment; increasing the mutation rate further
then has a sub-linear effect on the adaptation rate.
Thesemechanisms have little in common.

The second model is by Greulich et al [15]. In this
model, real space is essentially continuous, but the
phenotype/genotype space is again discrete. In order
to more faithfully mimic the evolution of antibiotic
resistance in a drug gradient, a few specific assump-
tions are made that deviate from the staircase and
ramp models. For example, the drug concentration
profile is assumed to be exponential and the effect of
mutations on the resistance level multiplicative. It
turns out, however, that these differences can be
removed by a simple variable transformation: a log-
transformation of both the drug concentration and
the resistance levels yields a model in which the gra-
dient is linear and the effect of mutations additive,
more comparable to the ramp model. Like the ramp
model, the Greulich model predicts a dispersion-lim-
ited and a mutation-limited regime for shallow and
steep gradients, respectively. Greulich et al do not dis-
cuss the dispersion-limited regime, but we expect the
adaptation rate to increase linearly with the gradient,
in line with the ramp model. In the mutation-limited
regime, the adaptation rate is limited by the arrival and
fixation of consecutive mutations. Under the assump-
tion that the dispersion rate is not too high, the
authors derive a scaling of mµv dk ay , where μ is the
mutation probability per cell division. This differs
from the scaling of -a 1 2 found in the ramp model.
This seems to be related to another difference between
the models: the Greulich model assumes that the
growth rate of a given genotype reduces gradually with
the drug concentration, whereas the ramp model
assumes a step function. The gradual decrease results
in a spatial domain within the habitat of each given
genotype in which the next mutation is under positive
selection; newmutations are most likely to establish in
this domain. Importantly, the width of this domain
decreases linearly with a, which produces the observed
scaling of the dispersion rate. We conclude that, in the
Greulich model, the rate of adaptation is non-mono-
tonic as a function of the slope, as in the ramp model
—but the scaling is qualitatively different due to sev-
eral differences in the modeling choices and the para-
meter regimes considered.

We have presented a model that was highly idea-
lized; our aim was to only include the minimal ingre-
dients required for adaptation of a quantitative trait to
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an environmental gradient. In future work, more
complex and realistic models can be studied; the sim-
ple model presented here can provide a null expecta-
tion for such extensions. We do expect that several
basic results will hold up in more realistic versions.
First, we expect that every reasonable model will fea-
ture dispersion- and mutation-limited regimes for
shallow and steep gradients, respectively. In the dis-
persion-limited regime, the rate of adaptation should
increase linearly with themagnitude of the gradient; in
the mutation-limited regime, a decreasing function
should be found, the scaling of which may however
depend on details of the fitness landscape and geno-
type-phenotype mapping assumed. Regardless of
those details, the optimal adaptation rate should occur
in the transition region between these two regimes.
Generally, we expect this transition to occur at a mod-
est slope, that is, a slope that hampers the invasion rate
mildly. Such qualitative predictions may in principle
be tested experimentally, e.g. using bacterial popula-
tions inmicrofluidic devices or on agar plates in which
an environmental gradient is set up. We hope that the
rampmodel, together with its predecessors, will prove
useful in interpreting such experiments.

5.Methods

5.1. Numerical solutions of themean-field equations
To numerically solve the mean-field equation
(equation (3)) we used the Method Of Lines: we
defined a 2D grid, approximated the PDE using finite
differences, and integrated the resulting set of ODEs in
Matlab using the ode113() function, which is a
variable-step, variable-order Adams–Bashforth–
Moulton PECE solver.

For cases with a  1, we used a straightforward
rectangular grid. For cases with a < 1, we instead
used a grid that was sheared vertically such as to align
the grid points with the ramp. In both cases, the Lapla-
cian at each grid point was evaluated using the 5×5
array of grid points surrounding it; the proper finite-
difference coefficients were calculated specifically for
eachα.

The simulation box itself was shaped as a parallelo-
gram, with sides parallel the vertical (phenotype) axis
and to the ramp. This box was shifted periodically
(parallel to the ramp) in order to keep the pulse front
near themiddle of the box. On the left-hand side of the
box, reflecting (homogeneous Neuman) boundary
conditions were imposed; this introduces small arti-
facts near this boundary, but does not affect the front
of the pulse. The other three sides were absorbing
(homogeneousDirichlet) boundaries.

5.2. Stochastic simulations: theWHINE algorithm
As explained above, we performed individual-based
stochastic simulations using an event-driven algo-
rithm that treats the complex density- and position-

dependent growth rates exactly. The main challenge
for our simulations is that the organisms move
diffusively in continuous space, and therefore the
reaction rates (of reproduction and death) cannot be
assumed constant between reactions, which rules out
(variants of) the Gillespie algorithm. The key idea is to
extend the model with a dummy reaction, with a
reaction rate chosen such that the diffusive path of
each organism (in two dimensions) becomes statisti-
cally independent of the next-reaction time. This idea
can be used to simulate a diverse class of stochastic
systems; here we describe its implementation for the
currentmodel.

For vividness, we may imagine that our organisms
tend to whine, particularly under conditions unfavor-
able for reproduction; this is the dummy reaction. The
rate of whiningwi of individual i is chosen to be

= - ( )w r g . 9i i

(Remember that r and gi are the maximal rate of
reproduction, at low densities, and the actual rate of
reproduction of individual i; see equation (1).) With
this choice, the rates of all discrete reactions that can
affect any given organism (growth, death, whining)
add up to a constantR:

+ + = + º ( )g d w r d R. 10i i

Note that, by construction, R is the same for all
organisms and independent of density, time, or any
coordinates. The algorithm then repeats the following
steps as often as desired:

1. Choose next-reaction time. Denote the total
number of organisms in the system at time t by
N(t). Then the sum of all reaction rates in the
whole system is ( )N t R, which is not affected by
the 2D diffusion of the individuals and therefore
does not change between reactions. Given the time
of the previous event tp, this allows a next-event
time tn to be sampled as in the standard
Gillespie algorithm, by drawing a waiting time
D º -t t tn p from the exponential waiting-time
probability distribution

D µ - D( ) [ ( ) ]P t N t R texp .p

2. Update coordinates. By construction, the probabil-
ity distribution of the waiting time Dt does not
depend on the coordinates of the individuals.
Conversely, this means that a particular choice of
Dt does not bias the diffusive trajectories of the
individuals during this interval. Therefore,
between reactions the individuals move by pure,
unbiased diffusion, and their coordinates at tn can
be chosen by adding Gaussian random numbers
to the coordinates at time tp (with variances

DD t2 x and DD t2 y for x and y, respectively).

3. Choose the affected individual. We now know
when the next reaction will take place, and where
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all organisms are at that time; we proceed to
choose whom the event will affect. The total event
rateR is the same for all individuals; therefore, the
affected individual amay be chosen uniformly at
random.

4. Choose the reaction. Next, we decide which
reaction occurs: reproduction, death, or whining.
Now that the next-event time tn, the coordinates
of all individuals at that time, and the affected
individual a are known, the probabilities of the
event types are simply proportional to their rates
at tn. To choose the event the ordinary ‘roulette
wheel’ algorithm can be used (as in the standard
Gillespie scheme) after the reproduction rate of a
has been calculated explicitly using equation (1).
(We note that the expensive calculation of the
reproduction rate can be avoided in many time
steps: because the probability that a death event
occurs is always d/R, the reaction rate needs to be
calculated only if it is decided that a does not die.)

5. Execute the reaction. If it turns out that the
organism merely whines, nothing needs to be
done; otherwise, the chosen reaction is executed.

The introduction of the dummy reaction
obviously introduces overhead. In some of our simu-
lations, 5 out of 6 events are dummy events, effectively
resulting in a sixfold reduced time step. That said, the
algorithm is in many ways remarkably efficient. As we
emphasized, the reaction rates affecting a given organ-
ism depend on its own coordinates—whether it is
above or below the ramp—and on the relative position
of all other organisms. All these coordinates fluctuate
due to the continuous-time diffusion of each organ-
ism. Yet, to deal with this exactly, at each time step of
WHINE algorithm the reaction rates for only one organ-
ism (atmost)need to be calculated explicitly.

We note that dummy reactions have been used
before to efficiently simulate stochastic systems—e.g.,
see [15]. In these applications, however, spatial coordi-
nates were discretized, with individuals performing a
discrete random walk rather than diffusion in con-
tinuous space and time (aWiener process). As a result,
in these systems all reaction rates are constant between
reactions. The above algorithm is remarkable in that it
properly treats systems in which the reaction rates
fluctuate unpredictably in continuous time.

During the simulations, the population expands as
it invades new territory. To cap the population size,
the simulation box we used is the half-plane bounded
on the left by a reflective boundary = ( )x b t that
moves along with the leading edge of the pulse; there is
no need to limit the simulation box in the y direction
or on the right-hand side. As the boundary moves,
organisms are ‘lost’ on the left. The boundary b(t) is

frequently updated such that the pulse has a simulated
range in the x-direction of »60 dimensionless units
(as in figure 4). This is enough: extensive test simula-
tions with a range of »100 gave nearly identical
results.

The simulations were performed using custom
code written in Matlab (prototype and first results)
and Fortran. In the latter case we used the ziggorat
method [38] (translated to Fortran by Alan Miller), to
efficiently draw Gaussian random numbers (the algo-
rithmneedsmany).
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Appendix. Derivation of the velocity of the
pulse

We here derive that the velocity of the pulse parallel to
the ramp v equals 2 (in terms of the dimensionless
quantities of table 1) independent of the death rate δ.
To obtain v, we analyze the linearized equation
(equation (4))with initial condition

n c y t c y= =( ) ( ) ( ) ( ), , 0 Di Di , A.1

where ( )xDi is theDirac delta function.
Because we established that v is independent of α

(see the Results) we can choose a = 0 without loss of
generality. We then exploit that equation (4) is separ-
able bymaking the Ansatz

n c y t c t y t= t( ) ( ) ( ) ( )f g, , e , , . A.2

(The prefactor t( )exp is arbitrary but will simplify the
equations below.) Our task is to derive the functions f
and g. We note, however, that we do not need the full
solution of y t( )g , : we are satisfiedwith an expression
for òt y t yº( ) ( )†g g , d , because the velocity of the
front can be obtained from the (marginal) population
distribution in real space, n c t( )† , , defined as

òn c t n c y t y tº = t( ) ( ) ( ) ( )

( )

† †g f x t, , , d e , .

A.3

We combine equation (A.2) with equation (4) of
the main text to obtain separate differential equations
for f and g. We find that c t( )f , simply obeys the dif-
fusion equation in one dimension, with the standard
solution
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c t
c t
pt

=
-( ) [ ( )] ( )f ,

exp 4

2
. A.4

2

The equation for y t( )g , reads:

t y
d y

¶
¶

=
¶
¶

- + -( ) ( ) ( )
g g

gH1 , A.5
2

2

with initial condition

y y=( ) ( ) ( )g , 0 Di . A.6

(Again, ( )xDi is the Dirac delta function.) This
describes an ensemble of particles that diffuse in one
dimension and are degraded in the domain y  0 at a
rate d+1 , after initially being placed right at the
boundary of that domain.

To make progress, we perform a Laplace transfor-
mation. We denote the Laplace transform of c t( )g ,
by c( )G s, , and use that the Laplace transform of
the time-derivative of c t( )g , equals c( )sG s,

c- ( )g , 0 . Thus equation (A.5) is converted to a sec-
ond-order differential equation that can be solved
exactly. To deal with the delta peak of the initial condi-
tion, we temporarily replace it by a rectangular peak
with a finite width ò and height 1 , solve the differ-
ential equation, and then take the limit of  0. We
thus obtain:

y d
y

d
y

= + + +

+ + +
>

d y

y

+ +

-
( )

( )

( )

( )


⎧
⎨
⎪⎪

⎩
⎪⎪

G s

e

s s

e

s s

,
1

for 0

1
for 0 .

A.7

s

s

1

The inverse Laplace transform of equation (A.7) is
hard to obtain. Instead, we integrate A.7 over ψ to
obtain the Laplace transform ( )†G s of t( )†g , which
yields the remarkably simple result

d= + + -( ) [ ( )] ( )†G s s s1 . A.8
1
2

The inverse Laplace transform of this result can be
found:

t d t= + d t- +( ) [( ) ] ( )† ( )g I e1 2 , A.90
1 2

where c( )Ii is the modified Bessel function of the
first kind.

Since we are after the asymptotic velocity of the
front, we look for the large-t behavior of ( )†g t . This
behavior is determined by the low-s behavior of the
Laplace transform, where d + -( ) [( ) ]†G s s1

1
2 .

Consequently, in the limit or large τ, we find

t p d tµ + -( ) [ ( ) ] ( )†g 1 , A.10
1
2

and

n y t
t y t
p d t

µ
-

+
( ) [ ( )] ( )† ,

exp 4

2 1
. A.11

2

For any δ, this equation has the same functional form
as the equivalent result for the F–KPP front in two
dimensions, which is known to have the asymptotic
velocity of =v 2F . Therefore, the asymptotic velocity

of the pulse is equal to that of the 2D F–KPP equation:
= =v v 2F , independent of δ.
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