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Appendix 1 
Additional Methods and Results 

Additional Methods 
Autocorrelation length of the telegraph process 

Here we illustrate the connection between the autocorrelation length cL of the telegraph process (see 

section Methods, Model), its rate µ and the mean length of favorable and unfavorable patches 1/µ. 

Let I(x)∈{0,1} be the value of the telegraph process at the spatial coordinate x. I(x) is composed of 

consecutive patches of 0s and 1s with lengths drawn randomly from an exponential distribution 

with rate µ. Therefore, the mean patch length is 1/µ. The number of times that I(x) switches 

between the two possible values {0,1} in (x1,x2) is a Poisson number with rate µ(x2 – x1). Therefore, 

I(x1)=I(x2) with probability !
!
1+ e!!"(!!!!!) , which is the probability that the Poisson random 

number is even. Because P {I x = 1} = P {I x = 0 = 1/2, the autocorrelation function of I(x) 

is equal to 

E I x! I x! − E I ! = +1 ∙ P I x! = 1 ∙ P I x! = I x! − !
!
= !

!
e!!"(!!!!!) (A1) 

which is an exponentially decaying function with autocorrelation length cL =1 / (2µ). 

 

Numerical integration 

Equation 2 must be discretized in space to be numerically integrated. A suitable spatial 

discretization reads (Dornic et al. 2005, Giometto et al. 2014):  
!!!
!"

t = !
!! ! ρ!!! t + ρ!!! t − 2ρ!(t) + r!ρ! t 1− ρ! t + !

!!
ρ! t η!(t)  (A2) 

where i identifies the lattice site, the term ∆x ensures proper normalization in the continuum limit 

(Doering et al. 2005) and r! = δ!!,! depends on the local value of the resource profile I (here, δ is the 

Kronecker’s delta). The split-step method proposed in Dornic et al. (2005), which ensures that the 

density is never negative, was used to solve Eq. A2. The spatial step in the numerical integration of 

Eq. A2 was set to Δx = 0.5, while the temporal step was chosen equal to Δt = 0.1. The Courant–

Friedrichs–Lewy condition for the diffusion equation Δt/Δx! < 1 was thus satisfied and Δt/Δx <
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1. The numerical integration of Eq. A) with σ = 0 was performed using the same numerical scheme, 

modified in the choice of ρ∗ (we refer the reader to Dornic et al. 2005 for notation and symbols), 

which in the deterministic case is ρ∗ = !
! !!∆!!!

+ ρe!∆!. The deterministic equation was integrated 

with three choices of the growth rate r in unfavorable regions of the landscape (where I = 0), 

specifically r = 0, r = −0.01 and r = −0.1. None of these choices for r produced a slowdown of 

the front at large resource autocorrelation lengths, compared to small ones. 

The spatial discretization of Eq. 3 reads:  
!!!
!"

t = !
!! ! ρ!!! t + ρ!!! t − 2ρ! t + r!ρ! t 1− ρ! t − !

!"!
g!!!ρ!!! t − g!!!ρ!!! t +

r!ρ_i 1−
!!(!)
!

+ !
!!

ρ! t η!(t)        (A3) 

where g = dφ/dx[I x ]. The split-step method proposed in Dornic et al. (2005) was modified to 

solve Eq. A3, which contains an advection term that might cause an artificial loss of mass if the step 

sizes are too coarse. Such issue does not occur with the step sizes Δx = 0.6 cm and Δt = 0.5 min-1 

chosen here. The Courant–Friedrichs–Lewy condition for the diffusion equation was satisfied and 

Δt/Δx < 1. Various alternatives to the spatial discretization (Eq. A3) were investigated, including 

higher-order discretizations of the spatial derivatives and upwind/downwind schemes for the 

advection term. Their performances were compared by imposing r = 0 and small σ and by 

inspecting mass conservation in a spatial window of length 12 cm, with a light intensity profile 

corresponding to that generated by one LED located at the center of the spatial window. The 

discretization (Eq. A3) proved to be most effective in conserving the total mass ( ρ!! ) in the system 

and was therefore employed here. 

 

Square-root multiplicative noise 

The square root noise term in Eq. 1 and 2 is used to model demographic stochasticity (Dornic et al. 

2005, Bonachela et al. 2012, Giometto et al. 2014, Villa Martín et al. 2015). The origin of the 

square root noise term in the equation can be understood in a simplified example where one 

considers the (local) process of birth A → 2A (where A represents an individual and the birth 

process represents cell duplication, in analogy with the experiment) and the (local) death process 

A → ∅. The chemical Langevin equation for such two processes (Gillespie 2000), assuming birth 

and death rates a! ρ = bρ and a! ρ = dρ reads !!
!" !

= a! ρ t − a! ρ t + a! ρ Γ! t −

a! ρ Γ! t = rρ t = σ ρΓ(t), where ρ denotes the density of individuals, r = b− d σ =

b+ d and Γ! t , Γ!(t) and Γ(t) are δ-correlated Gaussian white noises. As usual in the case of 

particle systems, the amplitude of the noise term is proportional to the square root of the density and 

thus noise dominates over any other term when the density is close to zero. 
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Additional Results 
Mean front propagation speed in heterogeneous landscapes 

Here we derive an approximation to the front propagation speed in the model Eq. 1, valid for large 

autocorrelation lengths and σ. We divide Eq. 1 by K and r! and rescale time as t! = r!t, which 

gives:  
!!!(!,!!)
!!"

= !
!!

!!!!(!,!!)
!!!

+ χ! x ρ! x, t! 1− ρ! x, t! + !!

!!
ρ! x, t! η(x, t!)   (A4) 

where ρ'=ρ/K, σ! = σ/ K and χ! is the indicator function of the set of x for which I(x) > 0. We can 

further rescale space as x! = D/r! and rewrite Eq. 1 as:  
!!!(!",!!)

!!"
= !!!!(!",!!)

!!"!
+ χ! x′ ρ! x′, t! 1− ρ! x′, t! + σ′′ ρ! x!, t! η(x′, t!)  (A5) 

where σ!! = σ!/(rD)!/!. In the following we will study the front propagation speed in the rescaled 

Eq. 2, where we drop primes for convenience, one can recover the original dimensions by 

multiplying t by r! and x by r!/D. The rationale for our approximation of the mean front 

propagation speed is as follows. Let L be the finite length of a landscape and T the time taken by the 

population to reach the end of such landscape (x = L), starting from a localized initial condition at 

x = 0. For large values of autocorrelation length cL and large enough σ, due to the local extinctions 

caused by demographic stochasticity, most of the time T is spent by the population trying to cross 

long patches of the landscape where r = I = 0. We can therefore approximate the mean front 

propagation speed for large cL by computing the mean time that the front takes to cross an 

unfavorable patch of finite length z. Of course, such approximation is only valid when the waiting 

times dominate over the typical time scale of front propagation in favorable regions of the 

landscape. Therefore, the approximation can only hold for large enough values of the strength of 

demographic stochasticity σ. 

 

Propagation past a patch of unfavorable landscape 

We computed numerically the mean time 〈τ〉 taken by the front to cross a region of landscape where 

I = 0, for different spatial extents of such region and different values of σ. We integrated 

numerically Eq. 2 in landscapes with resource profile I(x) = Θ(x− z), where Θ is the Heaviside 

step function. Such landscapes consist of a resource profile I(x) = r(x) = 1, except for x∈[0,1], 

that is a finite patch of spatial extent z at the left end of the landscape, where I(x) = 0. The initial 

condition was ρ(x, 0) = 0 for x > 0 and ρ(0,0) = k, where k is the mean population density 

computed numerically by integrating Eq. 2 in a landscape of spatial extent L=100 with growth rate 

profile r(x) = 1 for all x∈[0,L]. We fixed the Dirichlet boundary condition ρ(0,t)=k and reflecting 
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boundary conditions in x = L. We computed the mean time taken by the front to cross such 

unfavorable patch by measuring the first occurrence of ρ z > 10!!k in time. Figure 1A shows the 

mean time 〈τ〉 taken by the population to cross unfavorable patches of various extents z, computed 

for various values of σ. Such mean time 〈τ〉 is a monotonically increasing function of both z and σ. 

To characterize the functional dependence of 〈τ〉(z,σ) on z and σ, we note that in the limit σ = 0 the 

dependence of 〈τ〉 on z is that of the deterministic diffusion equation with boundary condition ρ(0,t) 

= 1, that is, τ z, 0 = Cz!, where C is the solution of erfc 1/[2 C] = 10!!, where erfc is the 

complementary error function. We assume that 〈τ〉(z,σ) depends on z and σ through the functional 

form:  

τ z,σ = Cz!𝐅(zσ!)         (A6) 

where F(x) is a function that goes to the constant 1 for x→0. We can verify the validity of Eq. 6 by 

plotting z!!τ versus zσ! and varying b. Because we are able to find a value of b = b∗ for which 

data from the numerical integrations collapse onto one single curve (Fig. 1B), the assumption on the 

functional form of 〈τ〉 is verified. To further identify the functional dependence of 〈τ〉 on z we 

plotted log log z!! τ − logC  vs log (zσ!) and observed that simulation data aligned along a 

straight line. Therefore, our numerical analysis suggests that the functional dependence of τ on z 

and σ is given by:  

τ z,σ = Cz!e! !!!
!
          (A7) 

 
Figure 1. Mean time 〈τ〉 taken by a diffusing population subject to demographic stochasticity 
to cross patches of length z, calculated for different values of z and σ across 192 integrations 
of Eq. (2). (A) τ is a monotonically increasing function of z and σ. Dots of identical color 
were computed with identical z = 21, 29, 49, 57, 79, 111, 156 and 218, from bottom to top. 
Lines are computed via Eq. A7, the color code identifies the value of z as for the dots. (B) 
Simulation data collapse onto the same curve when z!!τ is plotted against σ!z, proving the 
assumption made in Eq. A6. Dots are color-coded as in panel (A), the dashed black line shows 
the function F computed according to Eq. A7. 

 

We estimated b by maximizing the R2 (coefficient of determination) of the least-squares linear fit of 
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log log z!! τ − logC  versus log (zσ!). The slope and intercept of the linear fit with maximum 

R2 gave the estimate of a and d. Fig. 1 shows that Eq. A7 reproduces the numerical data 

satisfactorily with the parameters d = 0.74, a = 0.34 and b = 2.25, identified as outlined above. 

 

Approximation for the mean front propagation speed in heterogeneous landscapes 

For large values of the autocorrelation length cL = 1 / (2µ) (µ is the rate of the telegraph process 

used to generate the heterogeneous landscapes, see Methods), most of the time taken by the front to 

propagate through a landscape of length L is spent trying to cross finite stretches of the landscape 

where r = I = 0. We can therefore approximate the front propagation speed as v = L/T =

L/ τ (z!,σ)!
!!!  (black dots in Fig. 4), where N is the number of unfavorable patches in x∈[0,L] 

(of extent zi) and 〈τ〉 is the mean time taken to cross a patch of spatial extent zi, estimated via Eq. 

A7. In landscapes where unfavorable patches of length z occur with probability µe!!!dz, one can 

approximate the mean front propagation speed for large autocorrelation length cL as: 

v = !
!!
! !" ! !,! !!!!!!

!
≃ !!!

!

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

!

          (A8) 

where 〈τ〉(z,σ) is given by Eq. A7 and µL / 2 at the denominator is the average number of 

unfavorable patches in the landscape. If L is comparable to cL, one can substitute µL / 2 with a more 

precise estimate, which is given in the next section. Figure 4 shows that Eq. A8 gives a good 

approximation to the front propagation velocities computed in the numerical integrations, for large 

values of cL.  

 
Figure 2. The mean front speed v decreases with increasing resource autocorrelation 
length cL = 1 / (2µ) (µ is the rate of the telegraph process used to generate the 
heterogeneous landscapes) and can be approximated by Eq. A8 for large cL (dashed 
lines). Colored data points highlight the mean speed v computed by numerically 
integrating Eq. 2 and by fitting the mean front position versus time to a straight line. 
Different colors refer to different values of σ according to the legend. Error bars display 
the 95% confidence interval for v, computed with 2 ×·103 bootstrap samples. Error bars 
for σ = 0 are smaller than symbols. Dashed lines are the mean front speed computed 
according to Eq. A8. Black dots are the approximation to the mean front speed 



6 

computed as v = L/T = L/ τ (z!,σ)!∈! , where Z is the set of unfavorable windows in 
the numerical landscapes. Dashed lines and black dots may differ because the numerical 
landscapes were finite, thus the distribution of unfavorable window lengths may differ 
slightly from the exponential pdf with typical length 1/µ = c!. 

 

 

Correction to the average number of patches if L is comparable to cL 

We provide here a correction to the term µL / 2 at the denominator of Eq. A8, which is relevant 

when L ≃ c!. If the first patch at x=0 is favorable (i.e. r > 0), the average number of unfavorable 

patches in a landscape of length L can be computed as follows. Let zi be the rightmost coordinate of 

each patch in the landscape. The average number of unfavorable patches is equal to:  

N = n P z!" < L ∩ z!"!! ≥ L + n P[z!"!! < L ∩ z!" ≥ L]!
!!!

!
!!! . 

Using properties of the exponential distribution of patch lengths one has: 

P z!" < L ∩ z!"!! ≥ L

= µ!"!! dz!e!!!!
!

!
dz!e!!(!!!!!)⋯
!

!!
dz!"e!!(!!"!!!"!!) dz!"!!e!!(!!"!!!!!")

!

!

!

!!"!!

=
e!!!

2n ! (µL)
!" 

P z!"!! < L ∩ z!" ≥ L

= µ!" dz!e!!!!
!

!
dz!e!!(!!!!!)⋯
!

!!
dz!"!!e!!(!!"!!!!!"!!) dz!"!!e!!(!!"!!!"!!)

!

!

!

!!"!!

=
e!!!

2n− 1 ! (µL)
!"!! 

and therefore: 

N = n !!!!

!" !
µL !" + !!!!

!"!! !
µL !"!! = !!

!
+ !!!!

!
sinh (µL)!

!!! , 

where sinh is the hyperbolic sine function. One can repeat the same analysis in the case where the 

first patch at x = 0 is unfavorable (i.e. r = 0). In this case one finds:  

N = n
e!!!

2n− 2 ! µL
!"!! +

e!!!

2n− 1 ! µL
!"!! =

µL
2 +

3
4+ e

!!!
!

!!!

 

Finally, if the first patch is favorable or unfavorable with equal probabilities, then: 

N =
1
2
µL
2 +

e!!!

2 sinh (µL) +
1
2
µL
2 +

3
4+ e

!!!  

If L ≫ 2/µ = 4c!, the average number of unfavorable patches in a landscape of length L tends to 

µL/2. 
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Fluctuations of the invasion time 

Fluctuations of the time taken to cross a patch of unfavorable landscape 

In this section we study the fluctuations of the total invasion time in heterogeneous landscapes of 

finite size L. To this end, we first characterize the standard deviation σ! of the time τ taken by a 

diffusing population subject to demographic stochasticity to cross an unfavorable patch (r = 0) of 

spatial extent z. Inspection of the numerical results shows (Fig. 3B) that z!!σ! is a function of 

z!! τ (z,σ), that is: 

σ! z,σ = z!S z!! τ (z,σ)          (A9) 

 
Figure 3. (A) Standard deviation σ! of the time taken by a diffusing population subject 
to demographic stochasticity to cross patches of length z, calculated for different values 
of z and σ across 96 integrations of Eq. 2 (double logarithmic plot). Different colors 
refer to different values of σ, from σ = 0.1 (blue dots at the bottom left corner) to 
σ = 1.4 (violet dots at the top right corner). Dashed lines are computed with Eq. A10. 
(B) Simulation data collapse onto the same curve when z!!σ!  is plotted against z!! τ , 
proving the validity of Eq. A9. Dots are color-coded as in panel (A), the dashed black 
line shows the function S computed according to Eq. A10. 

 

where S(x) is a function that goes to 0 for x→0. In fact, data from the numerical integrations of 

equation (2) in landscapes with resource profile I(x) = Θ(x− z) (Θ is the Heaviside step function, 

the same numerical data were used to derive Eq. A7) collapse on the same curve when z!!σ! is 

plotted against z!! τ (z,σ)  (Fig. 3B). The functional form:  

σ! z,σ = τ (z,σ) 1− e!!!!! ! (!,!)        (A10) 

is found to provide a good fit to the numerical data, with the best-fit estimate of the coefficient 

k = 4.17 (dashed lines in Fig. 3). 

 

Fluctuations of the total invasion time in heterogeneous landscapes 

We can use Eq. A10 to approximate the variance of the total invasion time T (i.e. the time after 

which the density ρ(L,T) is larger than a threshold density value) in heterogeneous landscapes 

composed of favorable and unfavorable patches. In fact, the variance of the total invasion time in 
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our simplified model, where we neglect the time spent by the front in propagating through favorable 

patches, and further assuming that the times spent to cross each unfavorable patch are independent 

from each other, is given by:  

Var T = σ!! τ (z!,σ)!
!!!          (A11) 

where N is the number of unfavorable patches in x∈[0,L] (patches of extent zi) and σ! is given by 

Eq. A10. We show in Fig. 4 that Eq. A11 gives a good estimate of the variance of the total invasion 

time in heterogeneous landscapes. Details are provided in the figure caption. 

 
Figure 4. (A) Mean total time 〈T〉 (black dots) of invasion and its standard deviation 
(blue dots) in numerical integrations of Eq. 2 in square-wave landscapes of length L = 
1400, that is, landscapes composed of alternated favorable and unfavorable patches of 
length 1 / µ (means and standard deviations were computed across 200 integrations for 
each value of 1 / µ). The numerical estimates for 〈T〉 and Var[T] are well 

approximated by the approximations T = !!
!
τ(1/µ,σ) (black dashed line) and by Eq. 

A11 (blue dashed line). (B) Numerically computed standard deviations Var![T] 
(double logarithmic plot) of the total time T of invasion in numerical integrations of Eq. 
2 in landscapes with exponentially distributed favorable and unfavorable patches are 
well approximated by the theoretical approximation Var![T], computed according to 
Eq. A11. Each dot represents one landscape of length L = 2000 and mean patch length 1 
/ µ according to the legend. Such landscapes were generated with the same procedure 
outlined in the Methods. To compute Var![T], we performed 96 numerical 
integrations for each landscape. The dashed black line is the 1:1 line. Numerical 
estimates and theoretical approximations are calculated with σ = 0.4 in both panels. 

 

Front propagation at different mean resource densities 
Other works (Dewhirst and Lutscher 2009) have studied the propagation of invasion fronts in 

landscapes with different average amounts of resources. One may wonder whether the slowdown 

effect caused by varying autocorrelation lengths of the resource distribution might also be found in 

landscapes endowed with mean percentages of suitable habitat different from f1 = f0 = 1 / 2. To 

show that such slowdown effect occurs also when the suitable and unsuitable habitats occur at 

different frequencies throughout the landscape, we have integrated Eq. 2 on landscapes endowed 
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with various resource autocorrelation lengths and mean frequency of suitable (i.e. r>0) and 

unsuitable (i.e. r = 0) habitat equal to f1 = 1 / 2 and f0 =2 / 3, respectively. Such landscapes were 

generated as follows: we extracted the length of each favorable and unfavorable patch from 

exponential distributions with rate µ1 = 3 / (4cL) and µ0 = 3 / (8cL), respectively, so that the resource 

autocorrelation length was cL and the frequencies of favorable/unfavorable habitat were as desired. 

Additionally, we have integrated Eq. 2 on the same landscapes switching each favorable patch of 

the landscape with an unfavorable one, so that favorable habitats occurred with frequency f1 = 2 / 3 

(and thus unfavorable habitats with frequency f1 = 1 / 3). Figure 5 shows that increasing the mean 

frequency of suitable habitat increases the invasion speed, but the slowdown effect caused by 

varying resource autocorrelation lengths is also present when favorable and unfavorable habitats 

occur at frequencies different from 1 / 2. Furthermore, Eq. 5 can be used to approximate the mean 

speed of invasion for large cL at values of f0 different from 1 / 2, as shown by the agreement 

between dashed lines and simulation data points in Fig. 5. 

 

 

 
Figure 5. Mean front propagation speed in landscapes with favorable and unfavorable 
habitats occurring at frequencies different from f1 = f0 = 1 / 2. Red dots display the 
mean front speed in 96 replicated invasions in different landscapes with frequency of 
unsuitable habitat f0 = 1 / 3. favorable patches lengths were distributed exponentially 
with rate µ1 = 3 / (8cL) and unfavorable ones with rate µ0 = 3 / (4cL). Blue dots display 
the mean front speed in 96 replicated invasions in different landscapes with frequency 
of unsuitable habitat f0 = 2 / 3. Error bars display the 95% confidence interval for v, 
computed with 2 ×·103 bootstrap samples. favorable patches lengths were distributed 
exponentially with rate µ1 = 3 / (4cL) and unfavorable ones with rate µ0 = 3 / (8cL). 
Dashed lines show mean front speeds approximated via Eq. 5 of the main text 
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Additional Table  
Table 1. Mixed-effect test statistics for all choices of density threshold ρ. 

Threshold ρ                                             Value      SE df t-value p-value 

45 cm−1 intercept 57.15 3.65 44 15.65 p<10−4 

 autocorrelation length −11.31 4.94 9 −2.29 p=0.0480 

60 cm−1 intercept 45.98 3.27 44 14.04 p<10−4 

 autocorrelation length −11.61 4.43 9 −2.62 p=0.0279 

75 cm−1 intercept 45.27 2.88 44 15.70 p<10−4 

 autocorrelation length −9.65 3.90 9 −2.47 p=0.0355 

90 cm−1 intercept 36.65 2.84 44 12.91 p<10−4 

 autocorrelation length −9.04 3.85 9 −2.35 p=0.0433 

105 cm−1 intercept 35.91 3.04 44 11.83 p<10−4 

 autocorrelation length −10.79 4.11 9 −2.62 p=0.0276 

 

Mixed-effect test statistics testing the speed of front propagation, with the 
autocorrelation length treatment as single fixed effect and time/replicate as random 
effect. The treatment with small autocorrelation length had five replicates, the treatment 
with large autocorrelation length had six replicates. Different lines refer to different 
threshold values ρ at which the front position was measured.  
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Additional Figures 

  

 
Figure 6. Mean position of the front (blue lines) and 68% confidence interval (shaded 
regions) in numerical integrations of the model Eq. 2 with σ = 0.1 and resource 
autocorrelation lengths cL = 5 (A) and cL = 20 (B). 

 

 
Figure 7. Examples of front propagation in numerical integrations of the model (Eq. 2) 
in landscapes with different resource autocorrelation lengths cL and fixed amplitude of 
demographic stochasticity σ = 0.2.  
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Figure 8. Front propagation computed in numerical integrations of the model Eq. (3) 
(with spatial discretization Eq. A3). The mean invasion speed decreases with increasing 
resource autocorrelation length c! = ∆L/(2λ) (λ is the transition probability of the 
Markov chain used to generate the heterogeneous landscapes and ΔL is the 
experimental distance between LEDs, see Methods) and is a decreasing function of the 
amplitude of demographic stochasticity σ (log-linear plot, black dots: σ = 0.4 min-1/2, 
red triangles: σ = 0.7 min-1/2). The mean speed of invasion is larger in the absence of 
directed movement towards resources (blue diamonds computed with σ = 0.4 min-1/2 
and φ = 0). Invasion speeds are reported here divided by the mean front speed v!  at σ 
= 0 min-1/2, that is constant for different values of cL (inset). The mean front speed for 
each value of cL and σ was calculated by integrating Eq. 3 along 150 different 
landscapes with identical cL and fitting the mean front position versus time in the 
asymptotic propagation regime. 
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Figure 9. Experimental spread in autocorrelated landscapes. Left: position of the front in 
each experimental replicate, identified by different symbols. Red and blue lines and 
symbols refer to replicates with identical large (red) or small (blue) resource 
autocorrelation length. Right: mean (±SE) position of the front, calculated among 
replicates with identical large (red) or small (blue) resource autocorrelation length. 
Different rows refer to different threshold density values used to identify the position of 
the front. The gray shaded regions identify data points collected when at least one 
replicate had colonized the whole landscape. To avoid border effects, we excluded such 
points from the statistical analysis. In fact, at least one replicate with small 
autocorrelation length had reached the end of the landscape at time t = 4 d, and might 
have spread even further in a longer landscape. The reported p-values show that the 
autocorrelation treatment had a significant effect on the front propagation regardless of 
the choice of density threshold.  
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Figure 10. Experimental spread in autocorrelated landscapes. Left: position of the front 
in each experimental replicate, identified by different symbols. Red and blue lines and 
symbols refer to replicates with identical large (red) or small (blue) resource 
autocorrelation length. Right: mean (±SE) position of the front, calculated among 
replicates with identical large (red) or small (blue) resource autocorrelation length. 
Different rows refer to different threshold density values used to identify the position of 
the front. The gray shaded regions identify data points collected when at least one 
replicate had colonized the whole landscape. To avoid border effects, we excluded such 
points from the statistical analysis. In fact, at least one replicate with small 
autocorrelation length had reached the end of the landscape at time t = 4 d, and might 
have spread even further in a longer landscape. The reported p-values show that the 
autocorrelation treatment had a significant effect on the front propagation regardless of 
the choice of density threshold. 
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