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ABSTRACT 1 

Predicting the spatial advance of biological invasions and range-shifting native species under 2 

climate change requires understanding how evolutionary processes influence the velocity of 3 

spread. Although landscape heterogeneity and the finite nature of individuals are known to 4 

influence the ecological dynamics of spreading populations, their effect on evolutionary 5 

dynamics influencing spread is poorly understood. We used adaptive dynamics and simulation 6 

approaches to evaluate the direction of selection on demographic and competitive traits in annual 7 

plant populations spreading through linear landscapes. In contrast to models in homogeneous 8 

environments where low-density fecundity is selectively favored, we found that large gaps 9 

between suitable habitat could favor the rise of competitively tolerant individuals at the invasion 10 

front, even when this ability to tolerate competitors came at the cost of reduced fecundity when 11 

rare. Simulations of the same processes incorporating finite individuals revealed a spatial priority 12 

effect; the long-term outcome of evolution strongly depended on which strategy initially got 13 

ahead. Finally, we found that although evolutionary change in demographic and competitive 14 

traits could increase the spread velocity, this increase could be insignificant in patchy landscapes, 15 

where competitive traits were favored in both spreading and non-spreading populations.  16 

 17 

  18 
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INTRODUCTION 19 

How populations spread across landscapes underlies two pressing ecological concerns: 20 

biological invasions (Williamson 1996; Pyšek and Hulme 2005) and range shifts induced by 21 

climate change (Parmesan and Yohe 2003; Root et al. 2003). Introduced species are only 22 

invasive if they spread in their new range, and native species can only expand their ranges to 23 

track warming climate by spreading to new locations. While the ecological controls over the 24 

spread process have been subject to extensive research (Skellam 1951; Okubo and Levin 2001; 25 

Hastings et al. 2005), the role of evolutionary processes in regulating population expansion has, 26 

until recently, received little attention (Travis and Dytham 2002; Holt et al. 2005; Phillips et al. 27 

2010; Perkins et al. 2013).   28 

Much of our current understanding of how evolution influences spread builds on 29 

theoretical models of population dynamics in continuous landscapes. One lesson from these 30 

models is that individuals at the front of the invasion, growing at low density, contribute the 31 

offspring that advance the population forward (Kot et al. 1996; Levin et al. 2003; Hastings et al. 32 

2005). As a consequence, the spread process itself and the spatial sorting that results (Shine et al. 33 

2011) often impose strong selection for greater dispersal and greater low-density versus high- 34 

density reproduction (Travis and Dytham 2002; Holt et al. 2005; Burton et al. 2010; Perkins et 35 

al. 2013). Although dispersal and low-density reproduction, the two traits that determine 36 

invasion velocity in continuous landscapes (Lewis and Kareiva 1993; Wang et al. 2002), may 37 

trade off with those determining competitive tolerance, or the ability of individuals to maintain 38 

reproductive output at high density (reviewed in Burton et al. 2010), individuals in the rear of the 39 

invasion contribute little to expansion in most spread models for continuous landscapes. 40 

Assuming no swamping effects of gene flow (Holt et al. 2005), rapid evolution of dispersal and 41 
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demographic rates at the invasion front can increase the speed of the invasion (Travis and 42 

Dytham 2002; Phillips et al. 2008; Burton et al. 2010; Perkins et al. 2013). This contrasts with 43 

models without evolution, which predict constant invasion velocities under most conditions (but 44 

see e.g. Kot et al. 2004). 45 

Two simplifications in these mathematical and simulation models limit their applicability 46 

to natural settings. The first is the assumption that the landscape is homogeneously favorable. 47 

Both cellular automata and analytical approaches have relaxed this assumption and support the 48 

intuitive expectation that the inclusion of unfavorable habitat slows the spread velocity (With 49 

and Crist 1995; Higgins et al. 2003; Kawasaki and Shigesada 2007; Dewhirst and Lutscher 2009; 50 

Engler and Guisan 2009; Travis et al. 2010; Phillips 2012; Boeye et al. 2013; Henry et al. 2013; 51 

Gilbert et al. 2014). Recent work has further shown that the inclusion of unfavorable habitats can 52 

change the fundamental way invasions progress (Pachepsky and Levine 2011). In landscapes 53 

where gaps between suitable habitat are sufficiently large, leading individuals are rarely at low 54 

density, because populations tend to build up behind the gap, and only occasionally advance. 55 

This build-up leads to a strong influence of density dependence on the invasion speed in patchy 56 

landscapes (Pachepsky and Levine 2011). This result presumes that populations contain discrete 57 

numbers of individuals; otherwise some infinitesimally small amount of seed reaches all patches 58 

in the entire landscape (Mollison 1991; Clark et al. 2001). 59 

This requirement for discrete individuals in the population raises the second limitation of 60 

mathematical and simulation models of evolution during population spread—the common 61 

assumption of continuously varying population densities. Recent work suggests that when 62 

models incorporate the finite nature of individuals in spreading and evolving populations, genetic 63 

drift rather than natural selection can determine the genotypes at the invasion front (Klopfstein et 64 
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al. 2006; Excoffier et al. 2009). However, the majority of theoretical studies thus far have tended 65 

to examine traits that have little potential to influence the spread velocity (Excoffier and Ray 66 

2008), and thus the link between the finite nature of individuals in evolving populations and the 67 

extent to which evolution can influence spread is only beginning to be explored. Given that 68 

biological invasions often begin with only a few introduced individuals (before sometimes 69 

growing to large sizes), stochastic events early in the spread process may have lasting impacts on 70 

the dynamics of some expanding populations. 71 

In sum, although models consistently suggest that evolution differs at the front versus the 72 

back of invasions, how landscape patchiness and the discreteness of individuals influence how 73 

evolution changes the invasion velocity is poorly understood. In this paper, we address the 74 

following three questions: 1) How does landscape patchiness change the selective environment 75 

for demographic and competitive traits in spreading populations? 2) How does the finite nature 76 

of individuals in spreading populations influence the optimal strategy? 3) How does landscape 77 

patchiness influence the degree to which evolution can influence the spread velocity? We 78 

expected selection on demographic traits to differ in continuous versus patchy landscapes 79 

because the relative influence of demographic traits controlling invasion speed—low-density 80 

fecundity and competitive tolerance—changes when landscapes contain large gaps between 81 

suitable habitat (Pachepsky and Levine 2011). Moreover, if these traits trade off against one 82 

another, landscape patchiness should have great potential to affect the selective environment and 83 

impact the manner in which evolution might alter spread velocity. 84 

To answer our questions, we take two complementary approaches. The first combines an 85 

Evolutionarily Stable Strategy (ESS) analysis using adaptive dynamics with an analytical 86 

solution to the spread velocity in patchy landscapes (Pachepsky & Levine 2011). The second 87 
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approach uses simulations, which allow us to explore the eco-evolutionary dynamics of the 88 

invasion at intermediate gap sizes, and with a finite number of individuals. In all cases, we focus 89 

on spreading annual plant populations with a trade-off between the ability to tolerate 90 

intraspecific competition and the ability to produce offspring when rare.  91 

 92 

METHODS 93 

Modeling framework 94 

We used an integro-difference equation approach to model the movement of an annual 95 

plant population through a linear environment (Kot et al. 1996; Hastings et al. 2005; Pachepsky 96 

and Levine 2011). This approach allowed us to build on previous work that developed an 97 

analytical approximation for spread velocity in patchy landscapes (Pachepsky and Levine 2011). 98 

Specifically, spread is described by the following expression: 99 

 100 

𝑁!!! 𝑥 = 𝑘 𝑥 − 𝑦 𝑔 𝑁! 𝑦
!

!!

𝑑𝑦 

The population density at location x at time t+1 (Nt+1(x)) is the sum of all seeds produced at all 101 

locations y in year t (g(Nt(y)), multiplied by the proportion of seeds that disperse from y to x  102 

(k(x – y)).  103 

The dispersal kernel (k) describes the probability a seed moves from location y to location 104 

x. We modeled dispersal with a double-sided negative exponential (Laplacian) function, which is 105 

a commonly used function describing dispersal kernels (Willson 1993). The parameter m 106 

determines the rate at which the probability of dispersal declines with increasing distance from 107 

the parent: 108 

(Eq. 2) 

(Eq. 1) 
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𝑘 𝑥 − 𝑦 = !
!
𝑒!!|!!!| 109 

Although our models incorporate dispersal, we do not examine the evolution of dispersal ability 110 

in the current paper, since this is the subject of numerous other studies, and there are very few 111 

cases where dispersal would not be selectively favored in spreading populations (but see e.g. 112 

Travis and Dytham 1999; Higgins et al. 2003; Schtickzelle et al. 2006; Hanski 2011).   113 

We modeled seed production (g(Nt(y))) using a common annual plant population model 114 

(Watkinson 1980; Levine and Rees 2002):  115 

 116 

𝑔 𝑁! 𝑦 =
𝜆𝑁! 𝑦

1+ 𝛼𝑁! 𝑦
 

Here, total seed production is a function of the total number of seeds that start the generation, 117 

multiplied by the intrinsic rate of increase (λ, the per seed fecundity), which is reduced by the 118 

influence of competition from neighbors as governed by α. Thus α is the sensitivity of 119 

individuals to competition, determining the rate at which seed production declines with 120 

conspecific competitor density (Watkinson 1980), and individuals with lower sensitivity to 121 

competition (lower α) have higher competitive tolerance. 122 

 To explore how the degree of landscape patchiness changes selection on demographic 123 

rates, we assumed a trade-off between fecundity (λ) and sensitivity to competition (α) such that 124 

more competitively sensitive individuals have higher fecundity:  125 

𝜆 = 𝑐𝛼!. 126 

d is a parameter dictating the concavity of the trade-off (Figure 1), and c is a scalar used to 127 

generate realistic values of λ. Though positive in slope, this relationship between α and λ 128 

describes a trade-off, because the greater values of α (along the x-axis of Figure 1) associated 129 

with high fecundity cause greater sensitivity to competition. This general relationship follows 130 

(Eq. 4) 

(Eq. 3) 

(Eq. 2) 
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from the hypothesized trade-off between the ability of an individual to produce high numbers of 131 

offspring when growing at low density and its ability to cope with competitors when growing at 132 

high density. For example, annual plants commonly face a trade-off between producing a large 133 

number of small seeds, which are sensitive to competition, or a smaller number of competitively 134 

superior large seeds (Harper 1977; Turnbull et al. 1999). 135 

The concavity of the trade-off proves an important variable in subsequent analyses of this 136 

model. When d < 1, increasing sensitivity to competition (increasing α) leads to diminishing 137 

returns in fecundity (λ). As is most obvious in the upper two curves of Figure 1, small increases 138 

in α from 0 lead to rapid increases in fecundity, while each successive reduction in competitive 139 

ability (increase in α) gives successively smaller fecundity gains. In the above example of seed 140 

size, d < 1 would arise if competitive sensitivity (α) was a more concave-up function of seed size 141 

than was low-density fecundity. In contrast, when d > 1, increasing sensitivity to competition 142 

leads to increasing returns in fecundity. In this case, each successive decrease in competitive 143 

ability is associated with ever-increasing fecundity gains.  144 

 145 

Adaptive dynamics analyses 146 

We used an adaptive dynamics approach to evaluate the evolutionarily stable value of 147 

competitive sensitivity (α) as a function of d at the leading edge of the invasion. Since fecundity 148 

(λ) is a function of competitive sensitivity, this also determines the evolutionarily stable value of 149 

fecundity. We do this only for patchy landscapes, because in continuous landscapes, the per 150 

capita growth rate (fitness) is simply the intrinsic rate of increase (λ in our models) at the front of 151 

the invasion (Holt et al. 2005; Phillips et al. 2010), where invader individuals typically do not 152 

experience intraspecific competition, except for example, when demographic stochasticity is 153 
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present (Lewis and Pacala 2000). Therefore, selection favors ever-increasing values of λ 154 

(constant directional selection) at the invasion front with this model, and no ESS exists. 155 

To calculate the ESS in patchy landscapes, we built on an analytical approximation 156 

developed by Pachepsky and Levine (2011) for spread velocities when patches were sufficiently 157 

far apart. In this approximation, the population in the leading patch transitions between recently 158 

colonized (one individual) and a population at carrying capacity, though intermediate population 159 

sizes can also be included. Population growth and dispersal success determine the probability of 160 

transitioning between states in the leading patch, and spread velocity can be calculated from the 161 

dominant eigenvector for the Markov chain system. Importantly, this approximation closely 162 

matches simulated invasion velocities once gaps reach 3 - 4 times the mean dispersal distance 163 

(Pachepsky and Levine 2011). We assumed that except for the implicit generation of rare 164 

mutants in the adaptive dynamics approach, the strategy defined by λ and α had perfect 165 

heritability. The analytical model is described in greater detail in Online Appendix A (for code, 166 

see zip file, available online). 167 

 168 

Simulations 169 

Selection in patchy landscapes 170 

The analytical ESS approach is useful for understanding the evolutionary dynamics of 171 

large populations with effectively continuous variation in density spreading through highly 172 

fragmented landscapes (those conditions for which the Pachepsky and Levine (2011) 173 

approximation is reasonable). To explore how the discrete nature of individuals and intermediate 174 

degrees of landscape patchiness influence the combination of demographic traits (λ and α) that 175 
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rise in frequency at the invasion front, we used a series of simulations. These simulations also 176 

allow us to validate the ESS results. 177 

In our simulations, we tracked the fate of clonal individuals, each with a strategy drawn 178 

from the trade-off curve between fecundity and competitive tolerance (Figure 1), as they invaded 179 

a linear series of patches. Each suitable patch was of equal width and either directly adjacent to 180 

or separated from other patches by equal-sized gaps; patch width was half the mean dispersal 181 

distance (mean dispersal distance = 2 patches; m = 0.5). We explored strategies drawn from three 182 

different forms of the trade-off curve (d = 0.4, 0.7, 1.1, as illustrated in Figure 1). We examined 183 

two cases with d < 1, where increasing sensitivity to competition (increasing α) leads to rapidly 184 

(d = 0.4) and more gradually (d = 0.7) diminishing returns in fecundity (λ). We also examined 185 

the case when d > 1, where increasing sensitivity to competition is associated with increasing 186 

returns in fecundity. In all cases we drew 10 strategies and set c = 80 (Figure 1). This approach 187 

makes the necessary assumption that selection acts on standing variation within a population. 188 

Each simulation started with 20 individuals in the first habitat patch (2 from each of 10 189 

strategies drawn from a trade-off curve, Figure 1). In each time step, the number of seeds 190 

produced by individuals of a particular strategy (i) is reduced by competition from the total 191 

number of plants (regardless of strategy) in the patch (following from Equation 3). 192 

𝑔 𝑁!,! 𝑦 = !!!!,! !

!!!! !!,! !!"
!!! !!

 193 

Plants can only make an integer number of seeds, which was achieved by rounding the total 194 

number of seeds produced by each strategy. The motivation for rounding rather than using a 195 

Poisson distribution for fecundity was to focus the results on stochasticity in dispersal only. In 196 

this discrete individual form of the model, 1 is subtracted from N in the denominator so that a 197 

solitary individual still produces λ seeds. After seed production, each seed is dispersed following 198 

(Eq. 5) 
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a stochastic draw from a Laplacian distribution (Equation 2). Distances were rounded to the 199 

nearest integer to assign seeds to patches or gaps, and seeds could move in either direction from 200 

their parent. Landscape boundaries were absorbing, although the landscape was long enough that 201 

seeds did not disperse beyond the furthest patch. Seeds falling in gaps died. To evaluate how the 202 

successful strategy at the invasion front depended on landscape structure, we ran 1000 replicate 203 

invasions for 40 generations each, and repeated this for 6 gap sizes (ranging from continuous to 5 204 

× mean dispersal distance) and for each of the three trade-off curves. At the end of each replicate 205 

invasion, we recorded the strategy at the leading edge. 206 

 207 

Effects of dispersal stochasticity 208 

Because we observed considerable variation in the dominant strategy at the leading edge 209 

of the invasion with identical parameter sets, we further evaluated how stochastic events early in 210 

the spread process dictate the long-term outcome. We hypothesized that dispersal stochasticity 211 

arising from small populations in early time steps had lasting impacts by determining which 212 

strategies were initially at the invasion front. We explicitly examined this effect by changing the 213 

initial spatial arrangement of the strategies. Specifically, we invaded a continuous landscape with 214 

two strategies (C for competitive and F for fecund), drawn from the end points of a trade-off 215 

with diminishing returns (d = 0.4) in fecundity with increasing competitive sensitivity (points C 216 

and F in Figure 1). We started replicate invasions by introducing individuals to two neighboring 217 

patches at the beginning of a continuous landscape, and varied the spatial order such that the first 218 

patch contained individuals of only strategy C and the second only strategy F, and vice versa (N0 219 

of each strategy = 5 and 10). We let the invasions proceed for 30 years, at which point we 220 

recorded which strategy was at the front of the invasion. Thirty years was long enough to reliably 221 
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detect the eventual “winning” strategy. We conducted 1000 replicate invasions for each starting 222 

position (ahead or behind) in both continuous landscapes and in patchy landscapes where gap 223 

size was 5 × mean dispersal distance. All simulations were conducted in R (R Development Core 224 

Team, 2015; see zip file for sample code, available online). 225 

 226 

Influence of evolution on spread velocity.  227 

Finally, we explored the degree to which evolution could change the spread velocity in 228 

landscapes of varying patchiness. To do this, we first calculated the α for the strategy that would 229 

be expected before the spread process selects on traits in the population. For both native species 230 

expanding their ranges with climate change or invasive species recently introduced to new 231 

ranges, we expect the starting strategy to be that which would win in a non-spreading, well- 232 

mixed environment with large enough populations that drift can be ignored. Thus the native 233 

(stationary) range is a non-spreading environment, with no unoccupied low-density space for a 234 

fecund but poorly competing genotype to perform well (as there is for an expanding population). 235 

For competing genotypes with growth functions described by Equation 5, and a large population, 236 

the winning genotype under these conditions is that which maximizes 𝜆! − 1 /𝛼!, the fecundity 237 

of the genotype, scaled by its sensitivity to competition (Godoy et al. 2014). We compared the 238 

speed associated with this α to the speed produced in our simulated evolving invasions at 239 

different levels of landscape patchiness. To do this, we projected the speed of all strategies and 240 

compared the speed of the native range strategy to the speed of the median winning (evolved) 241 

spreading strategy (Figure 3) under different landscape configurations as determined from the 242 

prior simulations (described above in ‘Selection in patchy landscapes’). 243 

 244 
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RESULTS 245 

 Landscape patchiness qualitatively changed the demographic traits under selection in 246 

spreading populations, but this result depended strongly on the concavity of the trade-off 247 

between fecundity and competitive tolerance. For a spreading population moving through a 248 

patchy landscape with very large gap sizes, we found an evolutionarily stable strategy (ESS) for 249 

the optimal combination of α and λ for all trade-offs where d < 1 (Figure 2, Appendix A). With d 250 

< 1, increasing sensitivity to competition leads to diminishing returns in fecundity. The existence 251 

of an ESS in patchy landscapes contrasts with spread through continuous landscapes, where 252 

offspring from low-density parents at the invasion front advance the population forward. Since 253 

these furthest-forward individuals experience negligible competition, there is selection for ever- 254 

increasing values of λ (Phillips et al. 2010), even at the expense of the population becoming more 255 

sensitive to competition. 256 

The concavity of the trade-off between fecundity and sensitivity to competition is the key 257 

variable determining whether patchy environments favor populations with lower competitive 258 

sensitivity at the leading edge of the invasion. We never found an ESS in patchy landscapes for 259 

trade-offs with d values > 1 (increasing returns in λ with increasing α, Appendix A). Mutants 260 

with greater fecundity always invade because losses in competitive tolerance are never sufficient 261 

to counterbalance fitness gains from greater fecundity. By contrast, with d < 1 (decreasing 262 

returns in λ with increasing α), an intermediate α exists such that higher α values are not 263 

sufficiently compensated by gains in λ while lower α values come at too great of a loss in λ 264 

(Figure 2A). In general, when departing from the ESS α, increasing α has a much lower fitness 265 

cost than decreasing α. As d approaches 1, the relationship between α and λ becomes more linear, 266 

and the marginal gains in λ continue even at intermediate to large values of α, producing a larger 267 
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ESS α (Figure 2B) and a fitness curve that only diminishes slightly for values of α larger than the 268 

ESS (Figure 2A). These results hold for differing values of λ (as determined by c in Equation 4; 269 

Figure 2B). 270 

Because the analytical results for the ESS are limited to landscapes with very large gaps 271 

and assume a separation of timescales between ecological and evolutionary change, we 272 

employed simulations to further explore how the degree of patchiness influences the ESS and 273 

invasion speed. First, the qualitative results of these simulations match those of the analytical 274 

results, showing that in continuous landscapes, high fecundity strategies dominate the invasion 275 

front, while in increasingly fragmented landscapes, depending on the concavity of trade-off, 276 

more competitive strategies come to dominate (Figure 3). For example, when gaps are 5 × mean 277 

dispersal distance, the most fecund strategy dominates when d = 1.1 (Figure 3C), but the most 278 

competitive strategy dominates when d = 0.4 (Figure 3A).  279 

Second, we can make a quantitative comparison between the ESS α and the simulation 280 

results for populations with d < 1 spreading through landscapes with large gap sizes (where our 281 

ESS approach is valid). For both d = 0.4 and 0.7, the ESS α matches the median winning strategy 282 

(see arrows in Figures 3A and B), though other strategies all have a chance of winning. This 283 

variability in the winning strategy is especially pronounced when d = 0.7—the ESS α falls 284 

between two strategies in the simulations that won 13 and 11% of the time, which may not be 285 

surprising given the shallow fitness curve (Fig. 2A). To test whether steeper fitness curves would 286 

lead to a single dominant strategy, we explored even smaller values of d. Indeed, as d declines, 287 

the single most common winning strategy in the simulations becomes increasingly dominant (for 288 

d = 0.4, the lowest α strategy won 56% of the simulations, and for d = 0.3, the lowest α strategy 289 
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won 75% of the simulations). Increasing the number of genotypes from 10 to 30 does not change 290 

the distribution of the winning strategies in landscapes with large gaps (Online Appendix B). 291 

 292 

Role of discrete population size 293 

 The most notable distinction of the simulation results relative to the ESS analysis is the 294 

substantial variation in the winning strategies at the leading edge (Figure 3 insets). For most 295 

scenarios, nearly all strategies had some simulation runs where they dominated at the invasion 296 

front. Of course, some variation is expected with stochastic dispersal and a finite time interval. 297 

However, we also observed strong dependence of the eventual winner on events in early time 298 

steps, suggesting that early leaders had the capacity to build on their early lead.  299 

To explore this further, we introduced two strategies drawn from either end of the trade- 300 

off curve (strategies F and C in Figure 1), and varied the spatial order in which each was 301 

introduced to a continuous landscape. In a continuous landscape, the strategy with the higher λ 302 

(strategy F) should win (Figure 3), and indeed when five F individuals were placed one patch 303 

ahead of five C individuals, the F strategy won 80% of the time (Figure 4C). Note that the five C 304 

and F individuals, respectively, produce 101 and 107 offspring that disperse in the first time step, 305 

so that even at the very beginning of the simulation, sampling is unlikely to contribute much to 306 

variation in which strategy wins. Although the absolute lead of the F strategy increased through 307 

time (we ran up to 1000 years), competitive (C) individuals are never displaced behind the 308 

invasion front, where they instead displace F individuals (Figure 4A). In 20% of the runs with 309 

the same parameter values and starting conditions, the C strategy won. In these cases, stochastic 310 

dispersal brought C individuals to the leading edge in early time steps, and confronted with 311 

competition, the F strategy was driven extinct, almost always within 10 years (Figure 4B). 312 
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Simply reversing the spatial order in which the two strategies were introduced (and changing no 313 

parameter values) increased the percent of runs in which the C strategy eventually won from 20 314 

to 40%, demonstrating the long-term consequences of the early invasion events. When we started 315 

the invasions with more individuals in each patch (N0 = 10), which makes the initial patches 316 

more crowded, the priority effects remain, although the C strategy wins more often (C strategy 317 

won 50% when started ahead, and to 25% when started behind (of 1000 replicate invasions)). 318 

We also explored the effect of priority effects in landscapes with large gaps, where we do 319 

not expect priority effects to arise, because the F strategy cannot “run away.” When the C 320 

strategy started in the leading patch, separated by a gap 5 × the mean dispersal distance from the 321 

F strategy, it led the invasion 100% of the time after only 20 years, and the F strategy went 322 

extinct (as in Figure 4B). When the F strategy started in the leading patch, the C strategy still 323 

nearly always won, but it took much longer for it to overcome the F strategy (83% after 50 years, 324 

94% after 200 years, with N0 = 5; similar result for N0 = 20.). 325 

 326 

Influence of evolution on invasion velocity 327 

Finally, we asked how much evolving λ and α in landscapes of varying patchiness could 328 

change the spread velocity. In the stationary range, when the population is not spreading (large, 329 

well-mixed system), the most competitively tolerant of the ten strategies wins when d = 0.4, 330 

because it maximizes 𝜆! − 1 /𝛼!, the fecundity of the genotype, scaled by its sensitivity to 331 

competition. By contrast, in an invasion through a continuous landscape, high fecundity- 332 

competitively sensitive strategies are selected for at the invasion front, and these are the 333 

strategies with the highest invasion velocities (Figure 5). Thus in continuous habitats, evolution 334 
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could change the invasion speed substantially, or roughly 20% with this parameter set (vertical 335 

arrow in Figure 5, continuous landscape).  336 

In patchy landscapes, the opportunity for evolution to increase the spread velocity was 337 

much less. The low α strategies favored in patchy landscapes were nearly identical to the 338 

strategies presumed to dominate the native or non-expanding range, limiting the opportunity for 339 

evolution to increase the velocity (Figure 5, gaps 5 × mean dispersal distance). As d approaches 340 

1, however, the ESS α in a spreading population gets increasingly large (Fig. 2B), and thus 341 

evolution can once again influence the spread velocity, even in patchy landscapes. When d 342 

exceeds 1, high fecundity individuals are favored at all gap sizes (Figure 3C) so landscape 343 

patchiness cannot influence the effect of evolution on spread rates. 344 

 345 

DISCUSSION 346 

Populations that are expanding, whether due to shifts in climate or after introduction into 347 

a new range, are predicted to move at a rate that is governed on the most fundamental level by 348 

offspring production and the ability of those offspring to disperse away from the parent (Lewis 349 

and Kareiva 1993; Wang et al. 2002). The potential for evolution of traits that influence the 350 

spread processes is intriguing and one that is only beginning to be explored by theoretical models 351 

and field observations (Holt et al. 2005; Burton et al. 2010; Monty and Mahy 2010; Bartle et al. 352 

2013; Kilkenny and Galloway 2013; Perkins et al. 2013; Huang et al. 2015). Our results from 353 

simulation and mathematical analysis support earlier theoretical work predicting that in 354 

continuous landscapes, reproductive traits will be favored at the invading front, while 355 

competitive ability will only be favored behind the front (Burton et al. 2010). However, here we 356 

take the important next step to make predictions about how selection will act on reproduction 357 
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versus competitive ability in heterogeneous landscapes, where favorable habitat is separated by 358 

patches of unfavorable habitat.  359 

We find that depending on the concavity of the trade-off between low-density fecundity 360 

and sensitivity to competition, large gaps between suitable habitat can favor the rise of 361 

competitively tolerant strategies at the invasion front. Given the contrast between this result and 362 

the direction of selection in continuous landscapes, patchiness can clearly influence evolutionary 363 

trajectories in spreading populations, with implications for how much evolution increases the 364 

spread velocity. We also find an important role for stochasticity in dispersal in determining 365 

which strategy dominates at the front of the invasion. Specifically, both competitive and fecund 366 

strategies could reinforce their lead once initially ahead, leading to wide variation in the leading 367 

strategy across invasions. Here we discuss our results and their implications in the context of 368 

how we might expect evolution to proceed during an invasion and the degree to which evolution 369 

can influence the rate of spread. 370 

Although the simulation results supported those from the analytical calculations of the 371 

evolutionarily stable strategy, they also highlighted the prominent role of stochasticity in 372 

evolving, spreading populations with finite individuals. While we can calculate the optimal 373 

strategy for a given set of conditions, stochasticity in dispersal strongly determined which 374 

strategy initially got ahead, and competitive mechanisms allowed sub-optimal strategies to 375 

reinforce their lead. In particular, fecund strategies that should lead the invasion in continuous 376 

landscapes could get pinned behind the invasion and then be eliminated by the more competitive 377 

strategy. This occurred roughly 40% of the time in our simulations when the competitive strategy 378 

was started one patch ahead, even when the evolutionarily stable strategy combined high 379 

fecundity with low competitive tolerance. Conversely, when the fecund strategy was initially 380 
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ahead, as would be expected on average, it gradually increased its lead over the trailing 381 

competitive strategy. Importantly, whether the fecund or competitive strategy ultimately won 382 

caused a roughly 10% change in the eventual spread velocity (9.5 versus 8.7 patch lengths per 383 

year, on average), highlighting the lasting impacts of initial stochastic events. The role 384 

stochasticity in dispersal plays during an invasion, especially during early time steps, has been 385 

previously recognized from a purely demographic standpoint (Melbourne and Hastings 2009), 386 

but our work is among the first to emphasize its role in determining the outcome of evolution in 387 

spreading populations (see also Excoffier et al. 2009).  388 

The degree to which the evolution of demographic traits influenced the speed of spread 389 

depended strongly on the structure of the newly invaded landscape. More specifically, since 390 

competitive tolerance was selected for in stationary, well-mixed populations and in populations 391 

spreading through patchy landscapes, we found limited effects of evolution on the spread 392 

velocity in these landscapes (but this finding only emerged when increasing α led to strongly 393 

diminishing returns in λ). By contrast, evolution had much greater effects on spread when 394 

populations moved through continuous (or nearly so) landscapes, and high fecundity was 395 

selectively favored at the expense of reduced competitive tolerance. Of course, our findings 396 

would differ if success in the native or non-expanding range required frequent re-colonization 397 

and therefore greater low-density fecundity. 398 

 399 

Limitations of the modeling results 400 

Our paper is based on two modeling approaches with complementary strengths and 401 

limitations:  adaptive dynamics and simulations of clonal selection. Adaptive dynamics provides 402 

an analytical solution for systems with large gaps between suitable habitat, but assumes a 403 
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separation of timescales for ecological and evolutionary change that may not be appropriate for 404 

invading populations. Though constrained to individual parameter combinations, the simulations 405 

do not suffer this shortcoming, and can incorporate stochastic effects arising from the finite 406 

nature of the individuals. The simulations can also be extended to intermediate gap sizes where 407 

we have no analytical approximation of the dynamics.   408 

Importantly, the median results from these two approaches always matched, and often the 409 

modes did also. Unsurprisingly, the best match for trait evolution occurred when the fitness peak 410 

was steep, and landscapes contained large gaps. Cases where the quantitative match was 411 

significantly worse were explainable by processes not incorporated in the adaptive dynamics 412 

approach. As noted earlier, spatial priority effects, not possible with the adaptive dynamics 413 

approach of introducing mutants to the leading edge of the invasion, strongly affected the 414 

dynamics in the simulations. For example, these effects caused competitive genotypes to 415 

eliminate their more fecund counterparts when the latter fell behind due to stochastic events. 416 

Thus the winning strategies in simulations were more competitive than predicted by the adaptive 417 

dynamics framework, especially when the fitness landscape was quite flat (as occurs when d, the 418 

concavity parameter approaches 1). 419 

Although our models explore evolution along a particular trade-off curve, that between 420 

fecundity and competitive tolerance, we expect landscape structure to influence the evolution of 421 

spread even when other traits, especially dispersal, evolve. In fact, while λ and α may evolve 422 

rapidly, their evolution may have a lesser effect on the spread velocity than an evolving dispersal 423 

ability, which is predicted by most theoretical models that explore evolution of dispersal in 424 

spreading populations (e.g. Burton et al. 2010; Boeye et al. 2013; Henry et al. 2013; Perkins et 425 

al. 2013). Yet at the same time, both theory and empirical evidence predict a decrease in 426 
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dispersal ability in fragmented landscapes (e.g. Travis and Dytham 1999; Higgins et al. 2003; 427 

Schtickzelle et al. 2006; Hanski 2011). How these two contrasting predictions would play out 428 

over fragmented landscapes is unknown, especially when dispersal ability trades off against 429 

other traits. In prior work examining trade-offs among multiple traits, Burton et al. (2010) found 430 

that both dispersal and reproductive ability were favored over competitive ability at the front of a 431 

population expanding through a continuous landscape. Based on the trade-offs among traits used 432 

by Burton et al. (2010), we might expect that in patchy landscapes, where we found that 433 

competitive ability is favored, dispersal ability would decline. Finally, it follows naturally from 434 

our results and prior work (Burton et al. 2010) that in populations where the same functional 435 

traits control low-density fecundity, competitive tolerance and dispersal, evolution during spread 436 

selects on all of these life history traits. A classic example involves seed size in annual plants, 437 

which is known to control trade-offs between dispersal, fecundity, and competitive ability (e.g. 438 

Stanton 1984; Turnbull et al. 1999; Cappuccino et al. 2002).  439 

Our theoretical results come with the following caveats. First, our genetic model 440 

implicitly assumes that all genetic diversity is present at the start of spread, no mutations occur, 441 

and there is perfect inheritance. In addition, while drift in our populations can occur at the clone 442 

level, this is not equivalent to genetic drift in outcrossing populations. Thus, we anticipate that 443 

while the qualitative results should hold, if these assumptions were not realistic, the strength (or 444 

rate) of the evolutionary response would be diminished, with the exception that high mutation 445 

rates might increase evolutionary potential. Swamping effects of gene flow from the rear of the 446 

invasion or the presence of Allee effects would also slow down evolution at the invasion front 447 

(Holt et al. 2005). We focused on stochasticity in dispersal, but we expect that other forms of 448 

stochasticity, especially demographic stochasticity likely in small expanding populations, would 449 
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tend to amplify priority effects by providing alternative mechanisms for non-optimal strategies to 450 

lead the invasion. Another caveat is that we have only examined one population growth model, 451 

with Beverton-Holt density dependence. Still, we expect our general conclusions about the 452 

importance of large habitat gaps, and the concavity of the fecundity-competitive ability trade-off, 453 

to hold for other forms of density dependence. Finally, we ignore interspecific competition. Thus 454 

our results should apply for invaders that are simply better competitors than the resident native 455 

species, or are strongly niche differentiated from them, both of which would minimize the effect 456 

of the resident natives on the spreading population. 457 

Our study assumes no Allee effect, yet may still contribute to a small but emerging 458 

literature on how evolution alters the spread of populations with inverse density dependence. As 459 

noted in our earlier work (Pachepsky and Levine 2010), the combined effects of large gaps 460 

between suitable habitat and discrete population size steepen the invasion front, just as Allee 461 

effects do. In both cases, this steepening of the front allows individuals at high density to 462 

contribute to spread. In our model, we see the evolution of competitive tolerance (low α) in 463 

populations spreading through landscapes with large gaps, a result that should also emerge in 464 

continuous landscapes when populations have Allee effects. Kanarek and Webb (2010) explored 465 

the effects of evolution on spreading populations with Allee effects using theoretical models and 466 

found adaptive evolution of the density dependence of population growth. 467 

 468 

Empirical relevance 469 

 We found that competitive ability can be selected for at the invasion front when the 470 

landscape is sufficiently patchy (Figures 2, 3). Our prediction that landscape structure influences 471 

the degree to which competitive tolerance is favored is difficult to evaluate with past empirical 472 
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studies of invading organisms because few have examined life history traits that correspond to 473 

competitive tolerance. Still, the mechanisms explored here could explain cases where spread has 474 

not favored enhanced fecundity at the front. For example, Monty and Mahy (2010) found no 475 

difference in low-density fitness traits between core and range edge populations of Senecio 476 

inaequidens spanning ~150 km in France. While we do not know the role intraspecific 477 

competition played in explaining this result, this species has a mean dispersal distance of around 478 

10 m (Monty et al. 2008), meaning that a 50 meter gap between suitable sites along its roadside 479 

habitat could induce the evolutionary dynamics modeled here. That is, as S. inaequidens spread 480 

through a landscape with unfavorable gaps, our models predict competitive traits would be 481 

favoured over fecundity, and thus we might not expect to see differences in low-density 482 

fecundity or other fitness traits between core and edge populations. In general, our results 483 

suggest that for terrestrial plants, which experience gaps in suitable habitat at relatively small 484 

scales owing to the inefficiency of seed dispersal, intraspecific density dependence has the 485 

potential to affect selection during spread. 486 

We believe that two further empirical approaches could be used to evaluate the 487 

predictions of our models. First, the trade-off curve between low-density fecundity and 488 

sensitivity to competition could be parameterized with data from real plant populations, such as 489 

annuals, and further, linked to dispersal ability (e.g. Skarpaas et al. 2011). From this trade-off 490 

curve, one could predict the ESS sensitivity to competition and the shape of the fitness curve, as 491 

well as explore real trade-offs between fitness and dispersal traits. Second, laboratory 492 

experiments involving a small and short-lived organism would be particularly well-suited to 493 

evaluating the eco-evolutionary dynamics predicted by our models. For example, laboratory 494 

systems have been developed to study dispersal and spread with beetles (Melbourne and 495 
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Hastings 2009; Miller and Inouye 2012), protists (Fronhofer and Altermatt 2015), and annual 496 

plants (Fakheran et al. 2010), which could be modified to include landscapes with patches of 497 

suitable and unsuitable habitat. 498 

 499 

Conclusion 500 

 Given that spreading plant populations commonly advance through habitats that are not 501 

continuous, landscape structure should condition our expectations for how evolution will 502 

influence both the traits that are favored at the invasion front and how much evolution can 503 

influence the invasion speed. We offer three reasons for caution when applying lessons from 504 

spread models with uniform landscapes and continuously varying density to finite populations 505 

moving through patches of favorable and unfavorable habitat. First, we have shown that 506 

selection on demographic traits can be very different depending on the degree of patchiness in 507 

the landscape. Second, depending on how similar the landscape is to the range of the non- 508 

spreading population, there may be conditions under which evolution should play a very limited 509 

role in increasing invasion speeds. Finally, given that real invasions begin with a few, finite 510 

individuals, we should expect a large influence of stochasticity on how populations evolve at the 511 

invasion front.  512 
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FIGURE LEGENDS 653 

Figure 1. Examples of trade-off curves between sensitivity to competition (α) and the ability to 654 

produce offspring when rare (λ) across a range of concavities (for c = 80). Points indicate the 10 655 

strategies used in the simulation study (d = 0.4, 0.7, and 1.1); dashed line indicates d = 1. Effects 656 

of initial conditions were examined more closely with two strategies indicated by C 657 

(competitive) and F (fecund). 658 

 659 

Figure 2. A) Dependence of fitness on the sensitivity to competition (α) for a range of trade-off 660 

curves (d) in a highly patchy landscape using our analytical approximation for c = 80 (Appendix 661 

A), where fitness was measured as the long-run per capita growth rate (Equations 1 or 2 in 662 

Appendix A). The evolutionarily stable strategy for α occurs at the fitness peak. B) Relationship 663 

between the concavity of the trade-off curve (controlled by d) and the ESS α for three levels of c 664 

(scalar for λ). In both panels, patch size = 0.5 × mean dispersal distance, gap size = 5 × mean 665 

dispersal distance, and m = 0.5.  666 

 667 

Figure 3. Simulation results showing the distributions of winning strategies at the leading edge 668 

of 1000 replicate invasions after 40 years, across a range of gap sizes for three trade-off curves 669 

between α and λ (A) d = 0.4; B) d = 0.7; C) d = 1.1 (c = 80; m = 0.5). Each invasion was started 670 

with equal frequencies of 10 strategies (see Fig. 1). Points indicate the median sensitivity to 671 

competition (α) across simulation runs; histogram insets show the frequency of winning 672 

strategies (by α) for continuous landscapes (gap size = 0), and for small and large gap sizes (3 673 

and 5 × mean dispersal distance respectively); arrows indicate the location of the analytical 674 

approximation for the ESS. 675 
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 676 

Figure 4. Effects of initial conditions on which of two strategies (competitive strategy (C) or 677 

fecund strategy (F) shown in Figure 1) eventually leads an invasion through a continuous 678 

landscape. Left panels are example invasions at three time steps for an invasion started with the 679 

fecund strategy ahead (black lines = F, grey lines = C) for two cases: A) F eventually leads, and 680 

is visibly ahead by t = 5; B) C eventually leads and drives F to extinction, visible by t = 8. C) 681 

Proportion of times each strategy is at the front after 30 years. Grey shading shows the 682 

proportion of runs in which the competitive strategy (C) wins; black shows the runs in which 683 

fecund strategy (F) wins. Starting conditions included individuals in the two leftmost patches, 684 

with one strategy ahead and one behind and N0 = 5 of each strategy.  685 

 686 

Figure 5. Mean invasion velocity (number of patch lengths per year) for each strategy moving 687 

independently (drawn from trade-off where d = 0.4, m = 0.5) through landscapes with three 688 

degrees of patchiness: continuous, small gaps (2 × mean dispersal distance), and large gaps (5 × 689 

mean dispersal distance). Dashed horizontal arrows show potential increase in sensitivity to 690 

competition due to evolution (from the favored α in a mean field model to the median α from 691 

simulation studies in each landscape type). Vertical arrows show increase in invasion velocity 692 

due to this change in α. 693 

  694 
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Figure 1 695 

 696 

 697 

  698 

0.0 0.1 0.2 0.3 0.4

0

10

20

30

40

50

60

70

sensitivity to competition (α)

re
pr

od
uc

tiv
e 

ra
te

 w
he

n 
ra

re
 (λ
) d=0.2

d=0.4

d=0.
7

d=1
.1

d=2



	   	   	  

Page 34 of 37	  

Figure 2 699 
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Figure 3 703 
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Figure 4 707 
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Figure 5 722 
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A Online Appendix A: Mathematical analysis

To find the evolutionarily stable state (ESS) value of the competition coefficient, α∗,
we consider two competing phenotypes with different values of α. There are a small
number of mutants/“invaders” while the remainder of the population consists of wild
type individuals/“residents.” Residents affect invaders with competition coefficient αir

and affect each other with competition coefficient αrr. We assume that invaders are so
rare that we can ignore competition exerted by them.

We assume that the invader is present in the leading patch. Population growth depends
on population size and so invader growth varies from year to year, depending on the
population of the leading patch. We define invader fitness as the invader’s long-run per
capita growth rate, ri, which is given by the time average of the logarithm of yearly
growth (Lewontin & Cohen, 1969). Thus,

ri =
∑

N

qn ln (invader growth at patch population size N) , (A1)

where the population spends qN proportion of the time at population size N .
Rather than consider all possible population sizes, we use a 2-state Markov chain

model developed in Pachepsky & Levine (2011), which we summarize here. We assume
that patches are small, so that a single colonist produces enough offspring to fully populate
the patch by the next time step, and that patches are far apart, so that an empty patch will
receive at most a single colonist and that from its nearest occupied neighbor. Population
sizes are thus either 1 or K∗, the effective carrying capacity. The Markov chain considers
the state of the leading occupied patch. We reproduce Fig. B1 from Pachepsky & Levine
(2011), which defines the model.

With this 2-state model, invader fitness becomes

ri = q1 ln (invader growth at N = 1) + qK∗ ln (invader growth at N = K∗) . (A2)

Let us first find the invader growth values. As described in the main manuscript, fecundity
is given by λ(α) = cαd. In the presence of N other individuals, competition reduces the
number of seeds produced to

λ(α)N

1 + αN
. (A3)

Dispersal causes some of these seeds to fall outside the patch, where they are lost. A
fraction β remain in the patch, where β is the integral of the dispersal kernel from the
center of the patch to the two edges:

β =

∫ ǫ/2

−ǫ/2

k(y) dy =

∫ ǫ/2

−ǫ/2

m

2
e−m|y| dy = 1− e−mǫ/2. (A4)

Thus, when the invader is alone, it produces a number of offspring

βλ(αir) (A5)

1
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Figure A1: A just-colonized patch has 1 individual. It then either successfully colonizes
the next empty patch with probability p(1) or fails to colonize with probability 1− p(1).
If it successfully colonizes, there is a new leading patch, again with 1 individual. If it fails
to colonize, it remains the leading patch, now with population K∗. This high-population
patch now colonizes the next empty patch with probability p(K∗) and fails to colonize
with probability 1− p(K∗).

and at population size N = K∗ (the invader plus K∗
− 1 residents), it produces a number

of offspring
βλ(αir)

1 + αir(K∗
− 1)

. (A6)

The effective carrying capacity K∗ is the number of seeds in a patch at equilibrium.
The equilibrium condition is

K∗ =
βλ(α)K∗

1 + α(K∗
− 1)

, (A7)

and the effective carrying capacity is thus

K∗(α) =
βλ(α)− 1

α + 1
. (A8)

Given this 2-state model, invader fitness is given by

ri(αir, αrr) = q1 ln (βλ(αir)) + (1− q1) ln

(

βλ(αir)

1 + αir (K∗(αrr)− 1)

)

. (A9)

2



Note that the effective carrying capacity K∗ is determined by the resident population
and so depends on the resident-resident competition coefficient, αrr, while the invader’s
fecundity, λ, depends on the invader’s competition with those residents and is thus a
function of αir.

Let us now find the fraction of time spent at each of these two population levels. The
Markov chain transition matrix is

(

p(1) p(K∗)
1− p(1) 1− p(K∗)

)

. (A10)

The fraction of time spent in each of the two states is given by the dominant right
eigenvector (q1, qK), where

q1 =
p(K∗)

1− p(1) + p(K∗)
(A11)

is the fraction of time spent at population 1 and qK = 1− q1 is the fraction of time spent
at population K∗.

All that remains is to find the transition probabilities p(1) and p(K∗). As discussed
in Pachepsky & Levine (2011), the probability that a seed lands in the next farthest patch,
which is a distance x0 away, is

p(1) =

∫ x0+ǫ/2

x0−ǫ/2

k(y) dy = e−mx0 sinh(mǫ/2). (A12)

A patch with K∗ residents produces Nmax seeds:

Nmax =
λ(αrr)K

∗(αrr)

1 + αrr(K∗(αrr)− 1)
. (A13)

The probability that none of them succeed in landing in the next farthest patch is

(1− p(1))Nmax (A14)

and thus the probability that at least one does land in the next patch (p(K∗)) is 1 minus
this:

p(K∗) = 1− (1− p(1))Nmax . (A15)

To find the ESS value of the competition coefficient, α∗, we solve the equation

∂ri(αir, αrr)

∂αir

∣

∣

∣

∣

αir=αrr=α∗

= 0. (A16)

By maximizing with respect to αir (
∂ri(αir, αrr)

∂αir

= 0), we determine the optimal invader

response to resident strategy αrr. By stating that this maximum occurs at αir = αrr = α∗,
we insist that the optimal invader strategy be to adopt the resident strategy, α∗. This
allows us to find a strategy α∗ which is not invasible — an ESS.

3
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Online Appendix B: Influence of number of genotypes on simulation results 
 
Comparison of the distribution of frequency of winning strategies in very patchy landscapes 
(gaps 5 × mean dispersal distance) for d = 0.4 (top row) and d = 0.7 (bottom row) for simulations 
started with 10 strategies (left column) or 30 strategies (right column). For all panels, N0 = 2 for 
each strategy; c = 80; m = 0.5; number of replicate invasions = 1000. 
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