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Abstract

Populations living in a spatially and temporally changing environment can survive by
adapting to the changing optimum and/or by migration towards the favourable habitat.
Two principal mechanisms have been proposed to explain limits to the range of a single
species in a stable environment: maladaptive gene flow from centre to the edge and lim-
ited genetic variance. Here we discuss both predictions for evolution with fixed variance, by
modeling joint changes in trait mean and population density, and evolution of variance in an

environment which varies in time and space.

As for a stable optimum, when genetic variance is fixed, we obtain two regimes of adap-
tation: uniform adaptation, where the population would eventually fill all available habitat
along the environmental gradient, and limited adaptation when the environmental gradient
is steep relative to the genetic variance. As the optimum changes in time, the uniformly
adapted population tracks the optimum by shifting at a uniform rate matching the environ-
mental rate of change. In contrast, a population that is only well adapted to a central region
adapts in the trait slower than is the rate of temporal change of the environmental optimum,
and survives by moving in space towards favourable habitat. The degree of adaption as mea-
sured by the gradient in trait mean relative to the spatial gradient (which also determines
the species range), and the critical gradient, above which the limited adaptation occurs, is

independent of the rate at which the optimum changes in time.

We use population genetic model with many loci to allow the genetic variance to evolve.
Now we only find equilibrium with uniform adaptation. The cline shape and number stays
the same as in the static model, hence the genetic variance only increases via dispersal across
the spatial gradient and agrees with the predicted value for a stable environmental gradient
- although higher variance would lead to a better adaptation when temporal change in the
environment is fast.

We explain that the outcome can be predicted by comparing the loads due to genetic
variance, dispersal and temporal change, and discuss how these parameters can be measured

in nature.



56

58

60

62

64

66

68

70

72

74

76

78

80

82

84

Introduction

Whilst many boundaries to species ranges are caused by sharp changes in the environ-
ment, or are driven by interaction with other species (see reviews of Gaston 2003, Ch. 1;
Bridle and Vines 2007), often there is no apparent reason for the sharp spatial limits that are
commonly observed. Some species survive remarkably well when transferred outside their
range (Prince and Carter 1985). More often, though, species would need to extend their niche
by adapting in one or several traits (Gaston 2003, Table 2.1). We have only a limited under-
standing of why such adaptation fails even when the environment changes smoothly in space.
Haldane (1956) suggested that the sharp boundary may be a result of maladaptive gene flow
from central populations, which prevents adaptation in less dense marginal populations - a
likely explanation for limits to adaptation due to highly asymmetrical gene flow when density
changes sharply due to extrinsic reasons (as in the mainland-island model of Kawecki et al.
(1997)). The second classic argument for limits to a species range is that genetic variance is
insufficient to allow niche extension (see Antonovics 1976). Two questions follow from this
argument: how can we quantify such limits, and what constrains the variance in the first

place.

Existing studies predicting response to a temporally changing optimum in structured
populations are rather limited. Most notably, Pease et al. (1989) analysed evolution with the
optimum changing in time and space, described by bivariate Gaussian fitness (in time and
space) and assuming that genetic variance is small and constant. Later, in an extension of
the Kirkpatrick and Barton’s (1997) model allowing for species interactions, Case and Taper
(2000) briefly assessed the response of species range to a sudden change in an environment.
More is known about the response of a single, unstructured population: generally, the lag of
trait mean behind the optimum is proportional to the speed of movement of the optimum,
divided by genetic variance and strength of stabilizing selection (Charlesworth 1993; Lande
and Shannon 1996; Biirger 1999; Waxman and Peck 1999).

Genetic variance is crucial to understand the rate of evolution and in the long run, it is
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important to understand how is variance maintained. Various forces will elevate the vari-
ance: mutation, frequency-dependent selection, heterozygote advantage, diversifying selec-
tion, some forms fluctuating selection. Genetic variance is substantially higher than we would
expect based on simple mutation-selection balance (see Turelli 1988; Johnson and Barton
2005). After about 20 generations, increasingly more genetic variance is contributed by new
mutations (Hill 1982), rather then coming from the standing variation. In a single popula-
tion, additive genetic variance maintained by mutation-selection balance, Vgﬁm, reflects the
product of genomic mutation rate (U = 2nu) and the width of stabilizing selection, Vg -
for multiple loosely linked loci, VGM ~ 2UVs (Turelli 1984). Laboratory studies of response
to directional selection show that the genetic variance often stays constant for a hundred of
generations (e.g. Yoo 1980; Weber et al. 2001; see reviews of Barton and Keightley 2002;
Keightley 2004). However, unless stabilizing selection ~; = _QVTPS is very weak (see King-
solver et al. 2001 and the discussion), unrealistically high mutation rate or number of loci of

small effect is required to maintain the variance that we observe (with h? = 0.4 we require

U= 15v8).

1
10 Vs
Genetic variance can be substantially higher in a spatially heterogeneous environment:
theoretically, if genetic variance of a quantitative trait can freely evolve in response to spa-
tially variable selection, it should at any particular location increase with the extent of
migration across the environmental gradient and the width of stabilizing selection (Barton
2001). Therefore, the ability to adapt to temporal change can be significantly higher in
species that are living in a spatially variable environment. Because migration is generally
several orders of magnitude higher than mutation (the increase of genetic variance due to
mutation, mutational variance V;,, is about 1073 to 102 times random variance due to ran-
dom environmental effects, Vg (Lynch and Walsh 1998), migration may significantly increase

local genetic variance even when spatial variability is low.

In spatially structured populations with limited gene flow, a cline at a single locus can
be maintained by differential selection, if the population can adapt over a large enough
range. Slatkin (1975) and Nagylaki (1976) showed that a cline will develop if the environ-

ment changes over a scale which is large relative to the ratio of dispersal over the square
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root of intensity of selection per gene, % If the environment changes over smaller spatial
scales, the gene frequency responds to the selection averaged over this characteristic length.
Therefore, no cline emerges if the environment changes only over scales smaller than a few
characteristic lengths. It also follows that adaptation to a pocket or a marginal habitat of
different environment which is small in terms of % is prevented (for a real world example see
Lenormand et al. 1999). Hedrick (2006) gives a nice review of current studies of adaptation

to spatially varying environments.

It has been shown by Kirkpatrick and Barton (1997), that it is low genetic variance
combined with high gene flow that can prevent adaptation to a stable environment, when
optimum varies smoothly in space. Conversely, when genetic variance is unconstrained, no
limit to species range arises (Barton 2001). Kirkpatrick and Barton’s (1997) study follows
jointly population dynamics and the evolution of trait mean due to adaptation to a static
spatial gradient. They find two classes of solutions at equilibrium: uniform adaptation when
the trait mean matches the optimum perfectly on the whole range, and the solution, where
the gradient in trait mean is shallower than the environmental optimum, hence maladapta-
tion increases away from the centre, leading to a limited range. Limited adaptation arises
as the gradient steepens relative to genetic variance. Both solutions are stable when the
available habitat is infinite, but if an expanding population reaches the margins of the suit-
able habitat, uniform adaptation collapses from the margins (Kirkpatrick and Barton 1997,
Appendix) towards limited adaptation, where gradient in trait mean is shallower then envi-
ronmental gradient. Barton (2001) extended the model by allowing the genetic variance to
evolve. Then, the population could always adapt to the environmental gradient by increasing
its variance, and there is no equilibrium with a limited range. However, population density
steadily decreases with increasing variation around the optimum - eventually, as gradient

steepens, population goes extinct on the who range.

Here, we extend the above models to allow the environmental optimum to vary both
in time and space. By continuity with the static case, we would expect that when genetic
variance is fixed, there would still be two solutions, either with uniform adaptation, or with

adaptation only over a limited range. When the optimum changes in time, we suppose the
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population would track the changing optimum both by adaptation and migration (unless the
environment changes too fast in either space or time, leading to extinction). In relation to the
static case, we are interested in whether the gradient in trait mean changes, which would lead
to a change in size of species range, and if there is any change to the critical gradient, above
which the limited adaptation occurs. We address the evolution of genetic variance with a
population genetic model, assuming that the quantitative trait under selection is determined
by n; loci with approximately additive effects and/or under weak selection. Then genetic
variance increases as a function of migration across the spatial gradient and perfect adap-
tation (in trait mean) to arbitrarily steep gradients is possible, until the population density
decreases to zero due to loss of fitness caused by variation around the optimum. Now the sole
solution we found has a uniform population density. We are address whether now genetic
variance also increases with the rate at which the optimum changes in time; and whether
the temporal change can drive limits to the species range (rather than just cause a uniform

decrease in density) when the variance can freely evolve.
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Evolution in a spatially and temporally changing environment

In the first section, we study a quantitative trait using a phenotypic model with fixed
genetic variance, using three different forms of density-dependence: simple regulation, where
population density is a function of the average growth rate, and two models of joint regulation
of trait mean and population density, which we call logarithmic and logistic. In the second
part, we address the evolution of variance by finding the uniform solution for the population

genetic model, and numerically iterating the evolution of allele frequencies.

Adaptation to a linear environmental gradient, that moves in time - pheno-

typic model

Following Pease et al. (1989), the change of the mean phenotype Z can be written as:

0z o0%0%z n 20In(n) 0z v or

%202t o 22 oz (1)

The equation describes the effect of migration and selection on a population with density
n with quantitative trait (z) under selection. The first term represents migration, approxi-
mated by diffusion with variance o2. The second term describes gene flow from populations
which vary in population density, n. The third term describes the effect of selection on a nor-
mally distributed character z with additive genetic variance V4 (Lande 1976, T is the mean
(Malthusian) fitness, 7 in continuous time ~ log(W) in discrete time): % = hQVp% = VA%
- here V4 is additive genetic variance, Vp the phenotypic variance and h? is the narrow sense
heritability h% = “f—;} The predicted effect of selection on phenotype will be accurate only for
weak selection as strong selection will generally distort Gaussian distribution of phenotypes
(see Bulmer 1980, Ch. 9; ? ?): in this study, we would expect deviations namely when

temporal change induces high fitness cost - due to directional nature of this selection.
Simple population regulation

We start by following change in the trait mean, whilst population density is a function

of mean fitness of the poplation. Throughout the paper, we assume that there is an optimal
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value 0]z, t] for the trait z[x,t], which is changing at a steady rate through space (z) and
time (t):
Oz, t] = bx — kt, (2)

where b is the gradient of optimum in space and k is the rate of change of the optimum in

time. The habitat is one-dimensional, and the position on it is denoted by .

['he fitness
z—0Ox,t 2

is a function of the adaptation of phenotype z at position = at time ¢ and rg is the fitness

rlz] =rg —

when mean phenotype is perfectly adapted. Vg is the variance of stabilizing selection around

the optimum, the strength of stabilizing selection is VLS As the phenotypic variance Vp =

(z—2)2=22-%2=(2—0)2 — (Z— 0)? for any 6, the average fitness gives the intrinsic rate

of increase of the population:

(z[z] — Ol t)*  Vlz]
2Vs 2Vs

(4)

T[Z] =719 —

In the simple regulation we assume that local population density simply grows with the
average fitness 7[z]:

n=Ke, (5)

where K reflects the carrying capacity and 1/~ is the intensity of density-dependent regula-

tion.

It follows from the above equations that, just as for a fixed environmental gradient (Kirk-

patrick and Barton 1997, Eq. 1), the mean phenotype changes as:

0z 020%Z2 —zZ+br—kt , 0% oz
w -t v Vamag b)) (6)

We can immediately see a solution where the population adapts as the optimum moves:

the trait mean is 7 = Sz — kt +a, § = b. Substituting this into Eq. 6 reveals that the lag a of

the trait mean behind the optimum is a = % (If there is no variance in the trait, V4 = 0,

a solution only exists for an optimum fixed in time, £ = 0.) Population density is uniform
Y(rg— b KV
e 2Vs  2v3 .

in space, at n = K High genetic variance allows population to maintain
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its trait mean closer to the changing optimum, but population growth rate also decreases
with phenotypic variance (by 2‘/7135), and so there is an optimal variance when population has
the highest density: V4 = {/2k2h2VZ. With simple regulation, there is no other solution in

which the population adapts to changing conditions.

Before embarking on a detailed discussion of the results, and for comparison with more
realistic models, it is useful to reduce the number of parameters by re-scaling time, distance

and trait. Following Barton (2001) we therefore introduce:

2r* z
T=r't,X=x\/—,Z = ——
o2 VeV

where 7* is the strength of density dependence at equilibrium (for simple regulation, r* = 1/~

(7)

as explained later in the logarithmic model with joint regulation of trait and density).

We then have three parameters A, B and k*.

Va bo .k @)

—7B = 9
r* Vs r*/2Vg A /T*BVS

The scaled growth rate is

L:T—G—%(7—BX+I~¢*T)2—% 9)

The scaled parameters A, B and k* describe the decrease of fitness due to the standing
genetic variance, the spatial gradient and the temporal change in the optimum. Specifically,
Ar*/2 is the standing genetic load, B?r*? is the load due to dispersal across the spatial
gradient and k*%r* /2 is the load due to temporal change in the optimum over the character-
istic time At = 1/r*. Relative to the time T = r*t, we get the loads of A/2, B% and (over

AT = 1), k*?/2. Note that the lag load is described by the scaled variable a* = T at

equilibrium, the lag load caused by the temporally changing optimum is %a*zr*.

Now, the re-scaled trait mean then changes as follows:

o 07 o7
+(BX — kT = Z)(A~255(B - 7))

07 7

oT ~— 0X?2 (10)



236

238

240

242

244

246

248

250

252

254

256

258

260

262

264

266

As in the case of environmental gradient fixed in time (Kirkpatrick and Barton 1997),
we get two locally stable equilibrium solutions for the trait mean Z = *X — ¢*T + a* -
one with uniform adaptation, where the gradient in trait mean matches the environmental
gradient, 0* = B, and hence the range is unlimited, and another where adaptation is con-
strained by genetic variance, the gradient in trait mean is shallower than the environmental
gradient, 8* < B and species’ range is limited. With simple regulation, however, adaptation
to temporal change only occurs for the uniform solution. (This is not the case for the joint
regulation, assessed later.) As the optimum changes over time, the trait mean changes at the

. o . . . Ok
same rate as the optimum (¢* = k*) and lags behind the optimum uniformly by a* = .

*2

Population density is uniform at n = eft = e”’*%(kA_?Jrh%), where ro = 7%.
In the second solution, the population is adapted on a limited range and the gradient in
trait mean 8* = 8% = 2(1 — /1 — %’3) is shallower than the environmental gradient (see
Fig 1, thin lines). Such a solution only exists if the environment changes sufficiently sharply
relative to the genetic variance, B > v/2A (see Fig 2, thin line). The population density is
highest where the line Z = 3*X + a* intersects the trait optimum (on the infinite range, the
. * . . . . . _ ro—3((B-B*)2Xx%4+4)

shift a* of the trait mean is arbitrary) and the population density n = ™™ 2 n2
declines as a Gaussian from the center of the range, with variance given by the difference
between gradient in trait mean and environmental gradient, G — 3*. As the optimum changes
in time, the trait mean stays constant: ¢* = 0, hence locally the population becomes extinct:
the population density (given by the simple regulation) simply tracks the changing optimum

in space, moving at speed c¢* = B’i—*ﬁ*, as long as there is a suitable habitat available.

On an infinite (spatial) range, both above solutions (with §* = §* and §* = B) are locally
stable whenever they exist (B > v/2A4). The third, unstable solution, 85 = Z(1+ /1 — Z3)
(see Fig 1, dashed line), determines the global stability. If the space is effectively infinite and
the initial gradient in trait mean, 33, is above the unstable solution with intermediate gradi-
ent, 37, the population always evolves towards uniform adaptation. Conversely, if 35 < 37,
the trait mean evolves towards the solution with shallow gradient, 5* = % (1—4/1— %‘3), and

the range is limited at equilibrium. The gradients and hence the stability are independent of

the rate at which the optimum moves in time. When available habitat is limited and there is

10
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no gene flow over the margins, however, adaptation collapses from the margins towards the

trait mean with the shallow gradient, 5* , whenever solution with limited adaptation exists

(see Appendix: Stability, Simple regulation. No

gene flow over the margins is represented

by reflecting or absorbing boundary conditions - when in the first case migrants intending to

migrate over the margins move back to range or in the second case, die.) This corresponds to

similar results for local stability under static environmental gradient (Kirkpatrick and Barton

1997, Table 17.1 and Appendix).

Joint population regulation

Logarithmic model

It is more realistic to assume that there is a joint regulation of trait mean (Eq. 1) and

population density. The population grows locally at rate r and migration is approximated

by diffusion with variance o2:

2 92
o _ O | (1)

ot 2 012

where the growth rate r[n, z] and the intrinsic rate of increase, T[n,z], both depend on the

population density and adaptation in the trait:

r=ren| +14l2],T =

re[n] +7,[2], (12)

As before, fitness depends on adaptation in the trait as follows:

(z — O[x,t])? _
e A

E— 01 Ve

— 13
2Vy 2Vs (13)

First, we assess the logarithmic model, where the growth rate r. declines logarithmically

as the carrying capacity is approached, r. = ry —

1 n (z-0[z,)> Vp

L
T=ry WOg(K)

%log(%):

— 14
2Vs 2Vs (14)

With logarithmic density dependence, the fitness is very high for low densities (n << K),

followed by fast regulation. We use the logarithmic model because it converges to the

simple regulation near equilibrium (n — K).

11

(Neglecting migration, at equilibrium we
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have 7 = r. + 74, = 0, and hence using the above formula for logarithmic r. we recover
n = Ke"("e+79) _ as for the simple regulation.) We can now see that r* = 1/7 is the strength
of density dependence, defined as r* = —ng—z ln=n,, (Kirkpatrick and Barton 1997, where 7,
is the density at carrying capacity, i.e. spatially homogenous equilibrium when the optimum

is stable in time).

It is clearer to describe all solutions when the model is re-scaled as was done for simple

regulation (Eq. 7). In addition, we scale the population density so that it is equal to one

V;
when trait mean matches the gradient: N = =, K* = K07 2vs) — Ko (Note
that in Kirkpatrick and Barton 1997 and Barton 2001, ro = 7% is in the logarithmic model

set to zero.)

Then (from Egs. 1 and 11) for joint regulation of trait mean and logarithmic density-

dependence we obtain:

0Z 9°Z 20N 0Z

9z _ 2ONO9Z 7 BX+ kT 1
o7~ ox2 T vaxax A +ET) (15)
ON N —
r = sy RN (16)
E:%:—log(N)—%(Z—BXM*T)?
T

These equations correspond to Eqs. 8 and 9 for fixed environmental gradient (k* = 0) in

Barton (2001).

We search for an equilibrium solution in the form of a traveling wave: Z —6* = f[U] +a*,
where U transforms the spatial coordinate according to the changing optimum: U = X —c¢*T
and c* describes the speed of the traveling wave. Now the lag of trait mean behind the opti-
mum, §* = BX — k*T, is a function of a single variable, U. We assume that the population

U2

>, and the variance along U, A

density would have a form N = nje~ » T is constant.
In the extension from the simple to joint regulation, and as when the environmental gra-
dient is fixed in time (Kirkpatrick and Barton 1997), we again find two classes of solutions: a

uniform adaptation and, when spatial gradient is steep (B > B.), an adaptation on a limited

12
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range. Both solutions can be described jointly by the following formulae.

At equilibrium of joint regulation with logarithmic environmental growth rate, the scaled
lag of the trait mean behind the optimum is
L
T A+ (1 -9)

*

(17)

where ¢ = % describes the degree of adaptation in the gradient of trait mean. The population

density at equilibrium is

* a*2 *
N=¢ ¢ U, (18)
where (* = Ag;@ is the inverse of the variance of population density along U. The trait

mean Z = 3*X — ¢*t + a* adapts at speed ¢* = k* — ¢*(B — 3*) = a*A. The speed c* of
movement of the traveling wave is ¢* = M% for ¢ # 1. When the gradients match (¢ = 1),
the solution is uniform with respect to U and ¢* = %.

The solution with uniform adaptation, where the gradient in trait mean, £*, and envi-
ronmental gradient, B are equal (¢ = 1), always exists. At this equilibrium, the trait mean
7Z = BX — ¢*T + a* changes at the same rate as the optimum (¢* = k*) and lags behind it
by a* = %. In the original units, the lag is a = % - as expected for a single population
(e.g. Lande and Shannon, 1996).

. . . . . a*? .

The population density is uniform in space, N = e~z - see Fig 3, left. Note that IV
is the scaled population density, so that N = 1 for a uniformly adapted population when
the environmental optimum is stable in time. In the logarithmic model, N is always greater

than zero, but we can reasonably assume that very small populations with density N < Ny,

are effectively extinct. If loss of fitness due to temporal change in the optimum is too high,

E* > A,/2 log(N%T), population (in term of scaled density N) goes extinct - see Fig A 6. In

k2Vg Va )

I . . . . 7ﬁ—i 7(T97—272—
terms of the original units, population density is n = Ke™ ™ 2 ~2:Z = Ke VA Vs

Hence when the abundance of resource described by K is fixed, the fitness 7 as well as the

population density n are highest when V4 = ¢/2k?h?VZ - as with the simple regulation.

13
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When the environmental gradient is steep (B > B.), the population may alternatively
adapt only on a limited range (see Fig 3, right), with gradient in trait mean g* = \% < B.
The cubic equation for the relative gradient in the trait mean (¢ = £) is 2B2¢2(1 — ¢) =
A%(1 — ¢) + Ao (see Fig 1). It follows that the solution with limited range exists when

B> B, = i\/2OA +8A2 + (1 +8A)3/2 — 1; approximately for small A when B > v/2A, or

Va < 3yo?b? in the original units (see Fig. 2). Note that the gradient in trait mean is inde-
pendent of the speed of movement of the optimum, £*, and the approximate formula is the

same as the exact result for gradient in trait mean under simple population regulation (Eq. 3).

Populations with limited adaptation (¢ < 1) adapt slower than is the rate at which the

optimum changes in time (k*) - the (scaled) trait mean changes at a rate determined by

¢ = M%ﬁ(l*@' The rate of adaptation always increases with the standing genetic load

unless B — B, = V/2A,

~ *

(A) and migration across the gradient (B) and is close to ¢* = ﬁ—ﬁ,
where the rate of adaptation drops off sharply (see Fig. 4, first row; approximations are A
small). Therefore, when the population lives on a limited range, the trait mean is always
adapting slower than is the rate the environment changes in time, and the difference between
the rates k* and ¢* decreases with A. The dependence on the effective gradient B is insignifi-

cant unless B is close to B, when the rate of adaptation a* increases sharply (Fig. 4, second

row). The scaled lag of trait mean behind the optimum is simply a* = %. The population

2Bok*
AZ+2B%¢(1—-9)

is close to ¢* ~ (1 + 557), increasing as the fitness effect of variance (A) increases, and

is centered at X = ¢*T', ¢* = : the rate at which the population moves in space
decreasing as the effective gradient B gets steeper; again, the dependency gets stronger as

B — B, (Fig. 4, third row).

For a population adapted on a limited range, the degree of adaptation (¢ = %) increases
only slowly as the gradient steepens, and the density declines - both in the centre, where
when the environmental optimum is static, trait mean would match the optimum perfectly,
and as the difference between the trait mean and environment increases with the distance
from the centre. A population living on a limited range goes extinct when the environmental
gradient is steeper than B, = L\/’%(N”) for k* = 0 (as it follows from the formula for

the scaled population density, Eq. 18). The rate the gradient changes in time has only a

14
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minor effect, B, decreases by —%(log&”)Q + log(f/”)?’) + O(A? k) - see Fig A 6. Note

that for a given variance (4 = ”y‘é—;‘ fixed), the species range as determined by ¢* = A(é—;‘ﬁ)

is independent of the rate at which the environment changes in time - the width as given by

s s . 2
(say) 2 standard deviations of N(X) is 7=

Logistic density dependence

It is useful to understand how robust is the model against different assumptions about
density dependent regulation. The logarithmic model leads to high growth rates at low

densities, and so we also assess the ”logistic” model, with the environmental growth rate

defined as 7. = rp, (1 — ). The scaled average growth rate for the logistic model is
5} T 1= * 2
R:—*zl—N—E(Z—BX+k T)
r
where time T' = r*¢ is scaled by r* = ry,, — QVTPS Scaling is the same as for the logarithmic

model, described by Eq. 7 and N = with new parameters as in Eq. 8. Again, r* is

=
the strength of density dependence at spatially homogeneous equilibrium if the mean was
perfectly adapted (a* = 0,3* = B), as defined in the description of logistic model. In the
logistic model, scaled carrying capacity is K* = K % The variance scaled by its effect on

fitness is A = V2 hence K* = K(1 — 54m).

We do not have an exact solution for the logistic model, but can obtain an approximation.
The population density at equilibrium is close to N = (1 —¢* — (12—2)6_[]2%, the approximate
formulas for a*, ¢* and ¢* at equilibrium are the same as in the logarithmic model (see Eq. 17
and below), only the gradient in trait mean differs: now the relative gradient ¢ follows equa-
tion 2B2¢2(1 — ¢) = A;(l — )+ Ap(1 — “2—2), hence depends on the rate of temporal change

of the optimum as the lag a* is a function of k*. (To obtain this result, population density

in the equation describing density regulation (Eq. 16) is approximated by N = nj(1— U2%).)

Again, the population range would expand without limits if the scaled environmental
gradient B is below a critical gradient B.. Its value is intermediate between the models with

simple and logarithmic regulation and agrees with the prediction for the simple regulation
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to first order in A, B. = v2A + O(A%/?) (see Fig 2). For steeper gradients, both uniform
adaptation on the whole range and adaptation on a limited range with shallower gradient in
trait mean are possible.

For the equilibrium with uniform adaptation, scaled population density N = 1 — %
declines significantly as k* increases and the population goes extinct if selection due to
temporal change is large relative to the standing genetic load scaled by the strength of

density-dependence, k* > v/2A. Re-scaling to the original units, n = 7f”—*KN = Tﬁ(rm —

2‘/7’;)( — Qk;—“/,sj) a uniformly adapted population would go extinct if the temporal change in
the optimum is greater than k. = 2VLS*h2Vp so that the lag of trait mean behind the opti-

mum becomes larger than a = \/2Vsr*, same as for unstructured population (see Lynch and
Lande, 1993, Eq. 11). The genetic variance, when the fitness 7 of the population is highest,
does not depend on the environmental growth rate and stays as for the simple regulation at
Va= S/m . However, highest fitness does not coincide with highest population density,
which requires genetic variance V4 = khVs - the density initially sharply increases with V4
but drops to zero when phenotypic load is too high, 2\/72 > T

As the gradient B steepens relative to the scaled variance, A, another solution emerges.
The population living on a limited range can migrate towards favourable habitat, but its
total population density reflects the rate at which the environment changes in space: the
difference between the optimal gradient and the gradient in trait mean increases with B (see
Fig. 5), hence population away from the very centre becomes more maladapted and the
density drops to zero - population goes extinct approximately when B, > % — % (1-A+
3A2%) + O(k**) + k*O(A3%). (We use that for B large, * ~ %) The ”extinction” gradient,
B., slowly decreases with the rate optimum changes in time (k) and agrees well to the limit
for logarithmic regulation when N = e~!. Re-scaling to original units we obtain that such
an "imperfectly” adapted population goes extinct for b, ~ ﬁ(ZTmVS + Vp(h? — 1)) when
environment is stable in time. Note that this formula corrects the typographical error in
Kirkpatrick and Barton (1997, Eq. 16), as their scaling uses genetic load A rather than A/2
stated in their Eq. 11a (as mentioned earlier by Case and Taper, 2001). When the optimum

changes in time, extinction gradient for population constrained by its genetic variance be-
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comes be —= A 2rm + “i—g(fﬂ —1) = 3k (rm — “;—IS’(% + h?)) + O(VE, hY).

In comparison to the static case, though gradients in trait mean stay nearly the same
whenever they exist, the faster moving optimum lead to zero densities sooner for uniform
adaptation (see Fig. 6). Also, though stability of the uniform solution on the infinite range
does not change, on finite range we see that uniform adaptation is less prone to collapse from
the margins when optimum changes very slowly (as the advantage of marginal phenotypes
does not build up over time). However, starting from little adaptation, solution tends to

evolve towards limited spread (see Fig. 5.)

Before moving onto the evolutionary dynamics of populations when variance can evolve
freely, we give a brief summary of the results for fixed variance. As for a stable optimum, two
regimes of adaptation exist at equilibrium: uniform adaptation, where the population would
eventually fill all available habitat along the environmental gradient, and limited adaptation,
where the environmental gradient is steep relative to (fixed) genetic variance. As the opti-
mum changes in time, the uniformly adapted population tracks the optimum by shifting at a
uniform rate, matching its rate of change. In contrast, a population that is only well adapted
at the centre, adapts in the trait slower than is the rate of temporal change of the optimum,
and survives by moving in space towards favourable habitat. The degree of adaption as mea-
sured by the gradient in trait mean relative to the spatial gradient (which also determines
the species range), and the critical gradient, above which the limited adaptation occurs, is

independent of the rate at which the optimum changes in time.

Adaptation to a linear environmental gradient moving in time - Population

genetic model

In order to relax the assumption of fixed genetic variance, we need to use a model with
explicit determination of a trait; for comparison to the previous models, the trait distribu-
tion should be (close to) a Gaussian. For an optimum stable in time, Barton (2001) analysed
three such models: assuming weak selection, a continuum of alleles model with many alleles

with Gaussian distribution of effects (Crow and Kimura 1964; Kimura 1965), the two alleles
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model, where the trait under selection is encoded by many additive independent bi-allelic loci
with equivalent effects (Wright 1935) and Fisher’s infinitesimal model (Fisher 1918; Bulmer

1980), where adaptation occurs via changes in linkage disequilibrium.

Here we only assess the two alleles model, where the trait under selection is determined
by n; diploid loci of additive effect with two alleles (with frequencies ¢;, p;, and effects
—;/2, ;/2). The trait mean is z =) .- | a;(p; — ¢;) and variance at linkage equilibrium is

Va=23", a?p;q;. Substituting to Egs. 1, 12 and 13 gives

25" 10p; 2951 1‘821' 01 25" 10D; ~ i—q zZ—10
i @ilpi 0723, a Pi 52 og(n)2) i, a p+2za§pi(ﬁ(p 4i %

ot T2 0x? ox ox 2Vg Vs

i=1
(19)
where p is the mutation rate, which is assumed to be symmetric. Now the genetic vari-

ance changes with allele frequency, so we get an extra term Z=% arising from 2Z (using that

2Vs oz
o __ n 1 9
35 = Doicl 3a; 307)-

The cline shape in a static environment (k = 0) has been derived by Barton (1999, 2001),
assuming that clines have the same form and are distributed in space so that the trait mean
matches the gradient. Then, allele frequencies change as

Op; o2 0%p; 5 0log(n) Op; a?

ot " 2022 77w ox | avgPiPim 6= 20) —nlpi—a, 20

where § = 2;9. Barton (2001, p. 378-382) showed that at spatially uniform equilibrium

with no mutation, allele frequency (centered at z = 0) has a form of p[z] = (we

1
1+exp(— L)
a2Vs

—=>. The variance contribution due to

set a; = «); where the width of the cline is w =4

one locus is Vg n,=1 = 2a+/02Vg, obtained by integrating the variance formula over space,

with p — p;[z]. As there need to be 5= clines per unit distance (as each cline shifts the trait

mean by 2a) to match the spatially variable optimum 6, we get Ve = bv/o2Vs. In the scaled

. . . . . Vi
model (see Appendix: Scaling for the population genetic model), that is V' = = o= = BV2.

As the optimum changes in time, allele frequencies will need to move in space. We are

again looking for a traveling wave solution, where the allele frequency, p[z, t] = p[u], is solely

d o d):

= —co-

a function of a new variable u = x — ¢t (and & = 4 2 —
ox du’ Ot
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and where the allele frequency (which was at the time ¢ = 0 centered on v = 0) has a form

2 . .
of plu] = m. Then % = 1pq and % = (2)?pq(p — q), so with no mutation, there

2
c _ wa :
and § = 5-. The cline

a2Vs
o2

is a spatially uniform solution for a given §, where w = 4
width, w, is independent of the rate of movement of the traveling wave as u = = — ¢t only

shifts the clines along . For the uniform solution, where the rate of change in the trait mean

k

matches the change in the optimum, we must have ¢ = ¢, and hence the lag of trait mean

%. The number of clines required to match the optimum

behind the optimum is a =
at any particular time stays the same as in the static case at %, and hence the resulting
variance stays at Vg = byv/o2Vs (without mutation and under linkage equilibrium) - and so
as in the static case Barton (2001, p. 378-9), it is independent of allelic effect or numbers of
genes. The lag of the trait mean is therefore a = %, in agreement with the prediction for

the phenotypic model.

We can test the robustness of the predictions by iterating the two-allele model numerically,
following joint evolution in clines (and hence mean and variance) and population density, as
described by Eq. 22 (Appendix) and 16. Initially, the population has no spatial adaptation:
allele frequencies at time zero are uniform in space and almost fixed to zero or one, with
uniform distribution of deviations ranging from zero to 0.01. Over time, allele frequencies

diversify across the range to match the optimum (see Fig. 8)

The population evolves to be uniformly adapted, with gradient in trait mean matching
the optimum and lagging behind by a* = % (a = % in the original units), matching the
predictions for phenotypic model (see Fig. 7 and 9, top). Scaled genetic variance V' stays very
close to the prediction (above), V = By/2 (Fig. 7 and 9, middle). As genetic variance does
not increase above the static equilibrium when optimum changes faster in time, population
density decreases towards zero when the loss of fitness due to temporal change is too large
relative to the standing genetic variance (Fig. 7 and 9, bottom). The rate of decrease of

population density is the only outcome which quantitatively differs between the logistic and
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logarithmic model - for logistic model, population density declines faster with k*, leading to

extinction at k* > v/2A.

Discussion

In an environment which varies both in time and space, populations can survive by adapt-
ing in trait mean or by moving to a more favourable habitat. Here we extend Kirkpatrick
and Barton’s (1997) model with static optimum to let the enviornent vary in time as well
as in space. We show that a temporally changing environment does not have a significant
effect on the degree of adaptation as measured by the gradient in trait mean, and hence the
species range: instead we see a steady decrease of population density as the rate at which the
optimum changes in time increases. In natural populations, however, we could still expect a
range reduction arising from the Allee effect and possibly other forces which are not analysed
in this paper - most important, genetic drift (see Butlin et al. 2003; Alleaume-Benharira
et al. 2006).As in the static case, we see two kinds of response: a population, which is
uniformly adapted in space, tracks the optimum by shifting at a uniform rate matching the
environmental rate of change, and a population, where only the central range is well adapted,
both adapts in the trait and moves in space towards favourable habitat. Below we attempt
to explain when one or the other regime is likely, and when a population is likely to fail to

track the change by adaptation and/or migration.

We ignore many complications in the phenotypic and genetic models presented in this
paper: namely epistasis between loci, possible adaptation in genotype-by-environment in-
teractions (Nussey et al. 2005). We also only explicitly assess evolution of one trait at a
time; although we can think of genetic variance being constrained due to another trait (see
Grant and Grant 1995; Etterson and Shaw 2001) for examples of effect of interaction between
loci). However, the nature of the Gaussian distribution of phenotypes which follows from our
assumptions is quite robust and allows for analytical predictions, whose sensitivity towards

specific complex scenarios can be tested.

Whether a population can adapt to an unlimited range depends on the dimensionless
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parameters A, B; its ability to respond to change through time depends on the scaled pa-
rameter k*. These three parameters can be thought of as three kinds of genetic loads, each
scaled relative to the strength of density dependence, r*. Ar* /2 is the standing genetic load,
i.e. loss of fitness due to genetic variance around the optimum; B2r*? is the loss of fitness
when an optimally adapted population shifts by one dispersal range; and similarly, k*%r* /2
is the loss of fitness when an optimally adapted population shifts through the characteristic

time 1/r*.

Below, we first outline the general results and then relate them to the real world by dis-

cussing estimates of the scaled parameters.
Evolution with constant genetic variance

First, we focus on predictions based on the assumption that genetic variance can be

treated as constant. In this case the equilibrium with uniform adaptation always exists, and

. . . . o bo . .
as the effective spatial environmental gradient, B = /avs increases relative to the scaled

h?Vp
r*Vg?

variance, A = we the equilibrium with limited adaptation as well. The critical gradient
does not change significantly with the rate at which the optimum moves in time, and is close
to B. = v2A (see Fig. 2), as shown previously for a static optimum by Barton (2001),
Kirkpatrick and Barton (1997). When they exist, both solutions are locally stable on infinite

range. When habitat is limited, uniform adaptation tends to collapse from the margins when

environmental gradient is steeper than the critical value B, (see Figs. 2). In the original

units, limited adaptation emerges approximately when the critical gradient \/}?g—vp > 2¢/r*:
when the change in spatial optimum over one dispersal range, bo, relative to the standard
deviation of genetic variance, 1/V4, is smaller than twice the square root of the strength of
density dependence, 21/r*. Optimum changing slowly in time extends the local stability of
uniformly adapted population as the optimum for marginal populations changes over time, so
edge effects are less important. Population adapted on a limited range can however sustain

faster temporal change in the optimum than is possible for a uniformly adapted population

(see Fig. 6).
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Uniform adaptation

For uniform adaptation, the spatial gradients in the trait mean and the environment
are equal, as are the rates of temporal change and adaptation in trait mean. The scaled
trait mean, Z, lags behind the optimum by a*, leading to a load of %a*2r*. This load dif-
fers markedly between the uniform adaptation where gradients match, 8* = B, and limited
adaptation, where the gradient in trait mean is shallower than the spatial environmental

gradient, 0* < B. At the uniform equilibrium, the scaled lag of the trait mean behind the

optimum increases linearly with the scaled rate of temporal change (k*): a* = %. In the
original units, we recover a = %, which is the same as for unstructured populations, and

robust against the choice of growth rate (Lande and Shannon 1996; Biirger 1999; Waxman
and Peck 1999, and similar in Charlesworth 1993).

At equilibrium, population density declines with the scaled lag of trait mean behind the

2

R *2
optimum, a*°, as a Gaussian for the logarithmic model: N = 67%%, and quadratically

for the logistic one (N =1- %’2—;) A uniformly adapted population fails to survive when
selection due to the optimum changing in time, k*, is large relative to the genetic load scaled
by the strength of density dependence, A. The critical rates of change of the optimum at
which the population goes extinct are k} = A\/m (where Ny, is the density when
the population is no longer viable) and k} =~ Av/2, for the logarithmic and logistic model,
respectively. When we scale back to the original units, for the logistic model we recover
ke = 2VLS*h2Vp, which agrees with the result for an unstructured population (see (Lynch
and Lande, 1993, Eq. 11). Note that since A as a function of additive genetic variance
V4 only enters as a parameter, we do not get an explicit dependence of scaled population
density N on the environmental gradient; but when we scale back to the population density

n = we uncover the trade-off between the standing load caused by genetic variance vs.

N
K>
the increased ability of the population to adapt when additive genetic variance is higher. The

”optimal” genetic variance (when the fitness is highest) is V4 = {/2k2h2VZ - again the same
as predicted for an unstructured population by Lande and Shannon (1996).

Adaptation on limited range
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As the environmental gradient, B, steepens relative to the scaled genetic variance, A,
another equilibrium emerges: now the gradient in trait mean is much shallower than the
environmental gradient, the (initial) position of the population in space is arbitrary (see
Fig 3, right), and population density decreases away from the center, leading to a limited
species’ range. The population tracks favourable conditions both in space and time - the
rate at which the trait mean changes is slower than the change in optimum: approximately,
" =~ %' The centre of population density moves in space at a rate ¢* = %*(1 + %) (see
Fig. 4) - hence as the rate of temporal change increases, the decline of density is much slower
than for uniform adaptation (when favourable habitat is available). We can find the critical
rate of change of environment in time and space when the population goes extinct: for the

logistic model, that is B, ~ % — fj/;(l - A+ %AQ); in terms of the original units that is

be—f= & 2rpm + “ﬁ—g(h2 —1) — 3k%(rm — %(% + h?)): the extinction gradient increases with

the genetic load Ar*/2 = h;‘ysp - both due to the static term, and as the decrease due to

temporal change (last term) is smaller.
Evolution of variance

The equilibrium variance, which determines the rate of response to selection (Fisher
(1930)), depends on the shape of fitness as a function of phenotype and space. When op-
timum moves in time, the equilibrium variance must be also dependent on fitness form;
therefore below, we discuss studies of moving optimum of a Gaussian, or approximate Gaus-

2
sian (=~ 1 — (227‘/? ), fitness as used in our model, extended with spatial gradient.

We can get an idea about the optimal distribution of phenotypes in a single unstructured
population by analysing the dynamics of cumulants describing the phenotypic distribution:
1993’s (1993 and 2000, Ch.VII/7.3) studies predict that unless mutation is infinitesimally
small, the genetic variance would increase with skewness of the underlying distribution,
which arises from directional selection (Biirger 2000, Eq. 7.20, p.327). It is less clear how
often this is the case in finite sexual populations: individual-based simulations by Biirger

and Lynch (1995) and Biirger (1999 and 2000, Ch.VII/7.3), demonstrate sharp increase and
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a maintenance of higher variance as the optimum changes in time (Biirger and Lynch 1995,
Fig 7.4) - unless effective population size is very small (Biirger and Lynch 1995, Fig 7.5;
genomic mutation rate U = 10~2). Consistently with the expectation that the total num-
ber of mutations in the population would limit the adaptation, Waxman and Peck (1999)
show that in infinite sexually reproducing population (assessed via simulations of genotype
frequencies), high variance evolves even for much lower mutation rates. Note that in unstruc-
tured populations, mutation is essential to maintain nonzero variance, which is not the case

when selection varies in space.

In a static environment, variance can be maintained by gene flow across spatial gradi-
ent. When environmental optimum changes in both time and space, higher variance could
evolve. We approximate the trait with the ”two-allele” model Barton (2001), following fre-
quencies of n; clines of additive bi-allelic loci. For a static environment, the study of Barton
(2001) shows that in this case, gene flow across spatial gradient, bo, maintains a variance
of V4 = bo\/Vg. Uniform equilibrium, where clines are scattered in the space and have
the same form, can be found analytically: as environment changes in time, the shape of
the cline stays the same as in the static case (Barton 2001), but the cline moves in space
at a rate ¢ = k/b (in scaled units, ¢* = k*/B. As neither the shape of the cline nor the
number of polymorphic clines changes as the optimum moves in time (and we assume that

alleles are at linkage equilibrium), the predicted variance stays the same as for the static case.

The above predictions can be tested by numerically iterating the two-allele model over
time, so that the shape, spacing and number of (variable) allele frequencies are not con-
strained. The solutions confirm that the variance stays at the same level as maintained by
gene flow across the environmental gradient in the static case, even though as k* increases,
population density gradually drops to zero (see Fig 7), and better adaptation would be pos-
sible if V4 was higher. The variance does not increase above the static equilibrium even
when we add mutation to the model. We can imagine that if population was age structured
(see Charlesworth 1980), then the spatial gradient can be thought of as blurred with stan-
dard deviation as a function of change of the environment over the average generation time,

kAt, which would lead to an increase of variance. Also, individual-based model may bring a
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different result, for two reasons: first, we could follow genotype frequencies, so that linkage
equilibrium could build up. Second, genetic drift can have a qualitative effect on the results
regarding species range (see Butlin et al. 2003; Bridle et al. in prep.) - as such, however,

this is the scope for a separate paper and we do not elaborate on the topic here.

Because genetic variance of an additive trait tends to evolve towards V = /2B; in terms
of the original units Vy = bo\/Vs), spatial gradient facilitates adaptability in time: we can
clearly see from the formula for the fitness maximum at V4 = f/m that the popula-
tion grows fastest when bo ~ { %, which also gives the highest population density for
logarithmic growth rate. Under the logistic model, phenotypic load must be smaller than
the maximum growth rate (2‘/7’; < T, ) to maintain positive population density, which leads
to extinction for steep spatial gradients when variance can evolve (B, ~ v/2h%r,, /r*); and
the density is highest for bo = hk. When environment changes in time, the ”extinction” in
terms of the scaled density, N, occurs approximately for k* > v/2A in the logistic model and
for k* > \/2Alog(1/Ny,) in the logarithmic one: therefore for uniformly adapted population,
we would expect extinction at k) =~ 2B and k* = 2Blog(1/Ny,), respectively. In terms of

the original units, a population with logistic environmental growth rate and unconstrained

variance would go extinct when the rate of change of the optimum in time is greater than

ke 2 00 [2(rm — 57=) = bo /2.

Parameters in nature

What are plausible values for the parameters A, B, k* and r*? First, consider A, a mea-
sure of the load due to genetic variance around the optimum. Since Lande and Arnold (1983)
renewed interest in the quantitative genetics of wild populations, there have been hundreds
of studies of the strength of stabilising selection, and of additive genetic variation, in nature.
The observed distribution (Kingsolver et al. 2001) of the standardized quadratic selection
gradient, v, is wide and fairly symmetrical on the continuum of stabilizing (y < 0) to disrup-
tive selection (y > 0), with median for the stabilizing selection —y_ = % =

from 1.5 to 0. This corresponds to Vs/Vg = 5/(1 — h?) rather than Vs/Vg = 20, which

0.1, ranging

used to be the common consensus (see Johnson and Barton 2005). If we take heritability
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h2 = 1 /2 (which implies that V4 = Vg + Vg, where Vg are all non-aditive components of

Vph?

£~ per a measured trait is A =0.01 for r* =1 and,
r*Vs

genetic variance), the median of A =

mostly, A < 2 (see below). The overall genetic load Ar*/2 scales with the number traits
under selection, as the total effect on fitness would encompass independent components of

the load for all traits.

Burt (1995, 2000) reviews evidence on the additive genetic variance for fitness, and makes
an interesting argument concerning (in our notation) the scaled dispersal load, B2. He points
out that the total dispersal load can be estimated from transplant experiments, in which in-
dividuals are moved from their native location, or are fertilized by pollen from elsewhere;
this dispersal load must be balanced against the increase in relative mean fitness due to se-
lection, which equals the standardized additive variance in fitness (% = % = Vw).
By dispersal of expected distance o away from the optimal habitat, fitness decreases by
ATy pio = B%r*2. The decrement of fitness due to dispersal and mutation (Alog(W) ~ AF)

is at equilibrium balanced by its increase via additive variance in fitness, Vi : from Burt’s

reviews (above) we see that Viy < 0.1; if we ignore mutation, B = 0.15/r* and B < 0.3/r*.

How fast might optima change through time? In reality, change may occur over all
timescales, rather than as a simple linear change as assumed here. However, fast changes will
average out, and slow changes will have negligible effect: we are concerned with changes that
occur over the joint evolutionary and ecological timescales. The load from a perfectly adapted

2 2

population, due to changing optimum over characteristic time 1/r*, is QTf—QVS = *5—. We

can get an estimate of a load due to temporally changing environment from the speed of

advance of the range due to temporal change in the environment. This speed (in terms of

dispersal ranges, as ¢* = gw/%), at which a point population density moves in space, is

around c* ~ % when 3* — B or A < 2B2. We give an example of one well studied, fast

advancing, species. The butterfly Hesperia comma is advancing at a rate about ¢ = 0.63km
per generation due to rising temperature (Thomas et al. 2001), while its expected dispersal
distance is about o = 0.1km (as measured by Hill et al. (1996) for the first nine generations).

E* 2

Approximately, the load due to temporally changing optimum is around <"~ ~ ( )23*2 at

£
o

equilibrium; using the medians for B and r* we get an upper estimate of k* at about 2.7 (o
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is necessarily going to be an underestimate to some extent as migrants long distance away

will not be measured and because dispersal may increase during expansion).

Finally, the characteristic time is given by the inverse of the strength of density depen-
dence 1/r*, where r* is the rate of return towards the equilibrium at carrying capacity, 7i,,:
rt=—ddn) = —nd| _; Kirkpatrick and Barton (1997). Lande et al. (2002) and
Saether et al. (2005) study this measure in detail, and give estimates both relative to a year,
vd, and as change per generation, D = Aty, (where At is generation time). Their growth
rate per generation is A**, therefore after ¢ generations, population density is nlt] = ARt L,
Throughout this paper, the time is thought in generations: with simple regulation (and ignor-
ing mutation) we have n[t] = nge™. Between the continuous and discrete time, 7 ~ log(A2?),
and the measures of r* and D are approximately equivalent. From Ssether et al. (2005), we
see that values of D lie mostly between 0 and 2.5: roughly, median for r* is around 1. (We
included another estimate from Kriiger et al. (2002), where continuous-time approximation
to their discrete-time autoregressive model directly gives the estimate for »* for the logarith-
mic model, with mean strength of density-dependence 7* = —(1 + 3;) = 1.) Also, for logistic
growth, the intrinsic growth rate 7 gives the upper bound for r*: Grosholz’s (1996) study
provides 7 for some invasive species: the range of 7 = 107! to 10, with median of 7 < r* again
around 1 (see also Case and Taper 2000). The importance of strength of density dependence
for limits to species range, and behaviour at the margins is discussed in a recent paper by

Filin et al. (2008).

The above overview gives estimates for the standing genetic load per trait around Ar* /2=
0.005 (generally smaller than 0.7), the total dispersal load around B2r*? = (.02 (generally
smaller than 0.1) and the strength of density dependence r* = 1, mostly smaller than 2.5.
From the anecdotic butterfly example we see that some populations can adapt to a large
selection due to temporally changing optimum, obtaining the upper indirect estimate of the
load due to the temporal change k**r* /2 = 3.6. Ideally, we would like to get all three loads,
and the growth rate r* estimated for one species, as they may well be correlated. We have
not find such data, and the above paragraphs are intended to give some idea about the range,

possible ways of estimating and illustrate the meaning of the load parameters.
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Predictions & nature

There are many studies of and of adaptation to temporally changing environment (see
Etterson and Shaw 2001; Thomas et al. 2001; Warren et al. 2001; Parmesan and Yohe 2003),
and of increase of genetic differentiation in quantitative traits in a continuous population,
both due to sharply changing environments (Antonovics and Bradshaw 1970; Wilding et al.
2001) and variation on large scales (particularly Qgr vs. Fgr studies: Prout and Barker
1989 and 1993; Spitze (1993); review by McKay and Latta 2002; Lynch et al. 1999; Whitlock
2008). Still, we did not find a study which would allow for a quantitative test of any of
your predictions on limits to a species’ range as a function of our load parameters A, B2 and
k*2. However, a recent study by Bridle et al. (in prep.) of Drosophila birchii compared two
populations living on environmental gradients of different steepness in terms of distribution
of population density and adaptation in trait mean, assessing as well the genetic variance.
Consistent with predictions, population density was concave across space for the steeper gra-
dient, and uniform for the shallower one (see their Fig. 2); genetic variance did not differ
significantly. Currently, however, we still need more detailed studies to gain better under-

standing of robustness of the model predictions for experimental and natural populations.
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Appendix: Stability
Simple regulation

With simple regulation, we only need to follow the evolution of the trait mean, Z (Eq.
10). We introduce a perturbation to the equilibrium solution for trait mean, obtaining
Ze=B*X —q¢*T + a* + ¢[X, T]. Equilibrium with uniform adaptation has 3* = B, a* = %,
¢* = k* and substituting Z, into Eq. 10 leads:

de 0% 9
ﬁ—m—AE‘FO(E)

We can immediately see that perfect adaptation is locally stable, as perturbation always

decreases over time - without migration, at a rate A = —A.

Perturbation around ”imperfect” adaptation, where §* = g(l +4/1— %’3) and ¢* =0

(a* is arbitrary, set to zero*) grows at a rate :

de % e ok De o 0% de . 5
o = s +2X(B = 328" — By +O() = 55 +2X 5 (A~ BB:) + O(e%)

where (3} is the complimentary solution for adaptation on limited range (8% for #* and
vice versa). As the central position of such population is arbitrary, we can set the central
location and the perturbation €(0,7") to zero there without further loss of generality. For
the gradient to change, the perturbation € has to grow away from the origin, so X g—;( would
be greater than zero. Such perturbation changes at a rate 2(A — B}) - which is always
negative for the solution with shallower gradient, 5* = % (I1—4/1- 23—2‘), hence this solution
is always locally stable. The converse holds for the locally unstable steeper solution. Global

stability has been assessed numerically - the unstable solution 3} = g(l +4/1 - 23_12) acts
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as a repeller, and gradient in trait mean evolves towards perfect adaptation if the initial
gradient By in trait mean is greater than 8} and towards the solution with shallow gradient
if By is smaller than 3% . The gradient in trait mean is independent on the rate the optimum

changes in time, k*, and so is the stability.
Joint regulation: stability for k = 0, logarithmic model
Under joint regulation, we follow both evolution of trait mean (Eq. 15) and dynamics of

the population density (Eq. 16). For uniform adaptation, around equilibrium at k = 0 we

have 8* = B+ ¢[X,T], N =1+ v[X,T]. Linearizing gives

Oe 0%e v
— =—+2B—=-A 2
9T = %2 + X e+ OW*) 4+ O(ev)
and
o v 1, 9
or ~axz Vgt T
Hence without migration, the perturbation changes at a rate Ay = —A and Ay = —1.

(The effect of the term 2388—)”( on the rate of growth of the perturbation is of order O(e?)
(from g—:’;) and hence can be omitted as for any A # 1, [A1| # |A2] # 0. The fixed point is
a stable node unless A is exactly 1 - the solution with perfect adaptation is always locally

stable on the infinite range.

For adaptation on limited range, around equilibrium we have (for k* = 0) 8* = B¢ +

([X,T], N = =<' =X 4 J[X,T)]. Linearizing gives

2 *
Oc _ 0% Oc 1 2B¢

oe _ o7c w X2 2
T~ ax2  ax 3 +vX('e ) — Ae+ O(v°) + O(ev)

o
0X

and
ov 0?v

_ * C*
5 = 3%E v(l—¢* + XQ?) —eXB(1—¢) +0(e*) + O(?)

Under joint regulation, obtaining eigenvalues for nonuniform solution appears intractable
even for k* = 0, so we assess the stability using discrete lattice with stepping stone migra-

tion. Also, we know that the stability of the equilibrium is sensitive to behaviour on the
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boundaries, which is easier to address in a stepping stone model.

Appendix: Scaling for the population genetic model

To scale the two-allele model, we define A,,, = IT’;““}“S”, where Vg0 = %oﬁm. The equation

Eq. 20 then becomes:

Opi _ Opi _ Olog(n) dpi A o7
(fﬂf :8X; 2 X 8—);4‘”—7]91'%(]91'—%—25 )_2_;2(191’_%') (22)
where §* = (Z — BX),/ 54 7 = \/TE—VS = 2‘:—;” >t pi — ¢; and scaled genetic vari-
ance is V = TY{}S = 43;” o pigi. Hence the scaled average effect of gene substitution is
oy = 2‘:—;”. The last term is mutation rate scaled by the intensity of density dependent
selection, 7*: v, = T%, where U = 2nyp is the genomic mutation rate. (The scaling is

the same as in Barton (2001) apart from that here V is not scaled directly relative to the
maximum variance possible and hence is consistent with Z and maintains the same scale as
the parameter describing decrease of population density due to genetic variance, A.) When

solution is uniform, the second term vanishes - iterating the two-allel model, we drop the

dlog(n) Op
term 2—5%~ 5% -

We follow the population density in the original units, attempting to match the continuous

: n _ 9°n
equatlon T — ox2

+ Rn - with a stepping-stone model. After selection, the population
density is
ne[X, T+ 6T] = n[X,T)(1+ 6TR)), (23)

where the growth rate is either logarithmic,

— Z—-BX +k'T)? V
R=ro— (log(n/K) — ( 5 W)

(24)
or logistic, . ,
v nyi) - (LB 25)

to keep the rate of change consistent with the continuous model,

r

3

E:

— 3

Migration is after selection

T+ 6T — T),

BX, T 4 6T) = nu[ X, 7]+ 5 (nul X + 06X, T) 4 nu[X = 6X,T] - 20u[X,T])  (26)
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862 The carrying capacity is set to K = 1 and heritability h? = 1; for logarithmic model,

ro = ¢ = 0, for logistic model Tz = 1.
T ’ T
864

After selection, the allele frequencies are

Ppiw[X, T+0T) = p;[ X, T]+% (pil X, T)a@i[ X, T) (ps| X, T)— [ X, T]_zzs*)_”%m (pi X, T]-qi[ X, T1))
(27)

ss and after migration,
Di [X7 T + 5T] - pi,w[Xu T] + %(pi,w[X + 6X; T] +pz,w[X - 5X7 T] - 2pi,w[X7 T]) (28)

We use a stepping stone model on a spatial lattice with spacing X and time step §7,

ws  where the migration rate m < 1/2 is scaled according to the spacing, m = §§(T2. (In relation

to the continuous model, variance in dispersal is approximately o2 ~ mdX? and in the scaled
so  continuous model, U—; =0T.)
Throughout the MS, Mathematica (Wolfram Research) was used to manipulate some for-

sz mulae and to obtain numerical solutions.
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Figure 1: The chart illustrates the equilibrium values of scaled gradient in trait mean, g%,
for logarithmic growth rate (thick lines) and simple regulation (thin lines). The solution
with 0* = B always exists and the solution when the gradient in trait mean is shallower
than B exists when the spatial gradient is steeper than the critical gradient B, (dots, Fig
2). Thick line shows the solution for joint regulation with logarithmic density-dependence,
2B2¢%(1 — ¢) = A%(1 — ¢) + A¢, 8* = Bé. The equilibrium value for imperfect adaptation
under joint regulation tends to the one with simple regulation as A — 0. When population
density is just given by mean fitness, as under simple regulation, the gradient in trait mean
for limited adaptation is f* = %(1 +4/1— %‘3). Equilibrium gradients in trait mean which
are always unstable are shown in a dashed line. The dots illustrate the critical gradient B.

(see Fig 2.
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Figure 2: A solution on a limited range only exists for steep gradients: thick, dashed and
thin lines show the critical gradient, B., for logarithmic, logistic and simple regulation. A
critical gradient for simple regulation, B. = v2A (solid line), is also the approximation

for the joint regulation for A small. The exact formula for logarithmic model is B, =

i\/20A + (1 +8A4)3/2 — 1 + 8A2 and the approximation (using a Gaussian density and k* =
0) for the logistic model gives B, ~ +1/20A4 + 2(1 + 4A)3/2 -2+ 4A2. In the simple and

logarithmic models, the critical gradient does not depend on the rate at which optimum
changes in time, and the dependence is weak for the logistic model. The dotted line is the
estimated extinction gradient for logistic growth rate and imperfect adaptation, B, = %;
hence the area between the dotted and dashed line delimitates the region where solution
with limited range exists for the logistic model. In the logarithmic model, density N — 0
as B — oo, so extinction gradient depends on the (arbitrary) choice of density, Ny, which
would be deemed as subcritical. Extinction gradients are discussed in the text and Fig. 6.
(Note that the solid lines for B, in the figure are the same as in Barton (2001), but the

dashed line for the logistic model differs, because here we do not assume that B is large when

estimating B..)
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Figure 3: The graphical representation of numerical solutions for distribution of pheno-
typic density for logarithmic model with spatially and temporally varying environment: left:
uniform adaptation, right: limited range. Upper row shows the equilibrium density when
optimum is stable in time (k* = 0), lower row the density when optimum is changing at
speed k* = 0.2 at time T = 20. Environmental optimum is shown by the solid line; dashed
line depicts the trait mean. Notice the decrease of density for uniform adaptation, where the
lag behind the optimum is about a* = 1. Other parameters in the illustration are kept the

same: A=1/4,B=1.
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Figure 4: The charts show the scaled rate of adaptation, ¢*, and the speed of traveling wave,
c*, for the solution with limited range, 3* < B - solid line is the exact solution for logarithmic

growth rate, dashed line an approximation. The scaled rate of adaptation is approximately

k*A
1+A

q =

. The scaled lag of trait mean behind the optimum at equilibrium is a* = %; hence
a* = 1{1—*,4 (not shown). With uniform adaptation, trait mean tracks the optimum matching
its rates of change both space §* = B and time ¢* = k* = 0.7, and the scaled lag is a* = %
(not shown). The scaled rate at which the point (e.g., center of) population density moves

in space is ¢* = %(1 + %). Dotted line depicts the solution for uniform adaptation, where

any point moves at speed c¢* = %. For the first column, B = 1; for the second, A = 0.1.
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Figure 5: As optimum moves in time, equilibrium gradients in trait mean, 3*, stays close to

the static value - if population can persist. In a static environment (black), the solution with

0* = B always exists and the solution when the gradient in trait mean, 8* is shallower than

B exists when the spatial gradient B is steeper than the critical gradient B, (see Figs. 1 and

2). Numerical solutions for scaled rate of temporal change k* = 0.5 are shown with grey dots

- we have A = 1/5, hence uniformly adapted population cannot persist (k* > k ~ /2A).
A42

When gradient is too steep, B > 3 the density drops to zero. Dashed line depicts the

prediction for steep gradients: §* = %. Parameters: A = 1/5, k* = 0 (black), k* = 0.5
(grey). The numerical solutions run on spatial lattice with spacing 6X = 1/16 and time step
is 0T = % (so that consistently with the scaled model, migration is m = % =1/2), and

there is no migration over the margins (reflective boundary conditions).
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Figure 6: Population density for the uniform population (where 5* = B) decreases fast as
the optimum moves: N = e_kf%; for the logarithmic model (solid) and (N =1 — %«j) for the
logistic model (dashed). Local population density becomes higher for population adapted on
a limited range (where 8* < B) as the population density can slide along the environmental
gradient - upper (for k* > 0.4) solid line shows the density for logarithmic model, upper
dashed line for logistic model. The rate of change of the optimum when local population
density is higher for the population living on a limited range increases with A (not shown).

Parameters A = 1/3, B = 1.
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Figure 7: The simulations (dots) and predictions (lines) for the 2-allele model with logarith-
mic regulation match well. Top: The lag of the trait mean behind the optimum matches
the analytical solution shown by the dashed line ax = %, where V' = B+v/2 - in the original
units, a = % Middle: Genetic variance stays close to prediction for a fixed gradient,
V = BV2 (rescaling back to the original units, V4 = o0by/Vs). Bottom: Population density
at equilibrium is n = K ero_%(h%+li_22). The dots show results of a stepping stone model on a
spatial lattice with range < —X,,,, X,,, > andgpacing § X. In the scaled model, the time step
must be 6T = 02 /2 = m§X?/2, where m < 1/2 is the migration rate. Parameters: B = 1/2,
number of loci n; = 20, 6X = 1/2, m = 1/2, X,,, = 50. The maximum scaled variance

2y 2
is taken at A,, = Bn)l(m; and as we display the density n(z) in the original units, further

parameters are K = 1, ro = 0, h?2 = 1. Cline shapes and more details of the equilibrium

solution are shown in the appendix (Fie. 9 and 8).
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Figure 8: Tllustration of the shape of allele frequencies at time T = 5 (top) and T = 70
(bottom). At equilibrium, the cline shape is p[X] = 1/(1 + ef%(X“*T)), where the scaled
cline width is W' = 4, /-, and the clines move across the space X at a speed c¢* = k*/B. The

. . . . . 2
allelic effect is scaled as @ = a* = ZXm and the maximum scaled variance is A, = o
ng 2r*Vg

Fixing o* and A,,, and taking higher number of loci than can fix in the static case, n; >
BX,,/a*, does not lead to a higher number of diversified loci (and hence higher variance).

Parameters as in Fig. 7, k* = 0.3.
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Figure 9: Scaled lag of the trait mean behind the optimum, a*, scaled variance V' and the

population density n(X) vary periodically as the optimum is matched by a finite number of

0.3, T = 70.

alleles. Parameters as in Fig. 7, k*



