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The use of virtual species to test species distribution models is important for under-
standing how aspects of the model development process influence model performance. 
Typically, virtual species are simulated by defining their niche as a function of environ-
mental variables and simulating occurrence probabilistically via Bernoulli trials. This 
approach ignores endogenous processes known to drive species distribution such as 
dispersal and population dynamics. To understand whether these processes are impor-
tant for simulating virtual species we compared the probabilistic simulation approach 
to those incorporating endogenous processes. This comparison was done by evaluating 
changes in the relationship between species occurrence and habitat suitability over a 
number of landscapes with varying spatial structure. We found that the combined 
effects of population dynamics and dispersal meant the probability of occurrence of a 
single cell was not only dependent on habitat suitability, but also the number of occu-
pied cells nearby. This resulted in a dependence on the size of clusters of high suitabil-
ity cells (analogous to patch size) to maintain populations, increased residual spatial 
autocorrelation and non-stationarity of the species response between landscapes. These 
data characteristics are attributes of real species distribution data and are not present in 
probabilistic simulations. Researchers using virtual species should consider the impor-
tance of these characteristics to their study objectives to decide whether the inclusion 
of endogenous processes is necessary.

Keywords: simulation, spatial autocorrelation, species distribution modelling, 
stationarity, virtual species

Introduction

Simulation studies are a common approach to understanding the challenges involved 
in developing ecological models, typically referred to as the virtual ecologist approach 
(Zurell et al. 2010). For nearly 20 years, these types of studies have been used to test 
various aspects of species distribution modelling (SDM). Applications include testing 
modelling methods (Hirzel  et  al. 2001, Qiao et  al. 2015), examining the effects of 
data characteristics (Liu et al. 2019) and ecological responses on SDM performance 
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(Santika and Hutchinson 2009). More detailed descriptions 
on the application of virtual SDM studies can be found in 
Miller (2014), with the main consideration of the work pre-
sented here focusing on how to simulate virtual species data 
appropriately. A general overview of how to simulate virtual 
species is described in Meynard  et  al. (2019) and typically 
involves five stages. First, the species’ suitable habitat or niche 
is defined as a function of environmental variables. This habi-
tat suitability function is then projected into geographic space 
and converted to the required response (such as occurrence, 
abundance or occupancy). The response is then sampled and 
used to calibrate SDMs, which can then be tested against the 
known species distribution.

A recommendation of Meynard et al. (2019) is to ensure 
that the relationship between simulated response and the 
environment is appropriate for the scenario being tested. 
This recommendation comes from the experience of earlier 
work of Meynard and Kaplan (2012, 2013). Early simu-
lation studies typically applied an arbitrary threshold to 
the suitability function to create an occurrence response 
(Hirzel  et  al. 2001). Meynard and Kaplan (2012, 2013) 
demonstrated that the application of a threshold effectively 
truncates the simulated species response to the environ-
ment, creating distinct boundaries in the environmental 
space between suitable and non-suitable habitat. In the real 
world, there may be times when high suitability sites are 
unoccupied, while low suitability sites are occupied, due to 
the stochastic nature of the ecological processes. As such, 
the probabilistic approach recommended by Meynard and 
Kaplan (2012, 2013) has become standard, with occurrences 
at each pixel generated through Bernoulli trials weighted by 
habitat suitability scaled to reflect the probability of occur-
rence. This results in a gradual change in the prevalence of 
a species along the suitability gradient that is likely more 
realistic, but more challenging to model accurately than the 
threshold approach.

The probabilistic approach focuses on simulating only the 
exogenous processes (external processes; e.g. abiotic condi-
tions) that determine species distributions. However, endog-
enous processes (internal processes; e.g. biotic processes) also 
play an important role in shaping the distributional patterns 
including dispersal, competition and population dynam-
ics (Wisz  et  al. 2013, Normand  et  al. 2014). Most SDMs 
incorporate only exogenous components such as climatic 
variables, therefore the components of the species’ distribu-
tional patterns due to endogenous processes remain unac-
counted for. As a result, spatial autocorrelation (SAC) is often 
present in model residuals due to the aggregating effect of 
these processes (Dormann 2007). This issue is significant as 
it violates the assumption of independence of observations 
held by many statistical procedures. Residual SAC is known 
to impact tests of significance, increasing the risk of type 1 
errors, while also affecting estimates of regression coefficients 
(Kühn 2007, Bini et al. 2009). Accounting for SAC has been 
shown to improve model performance compared to models 
that do not (Record et al. 2013, Crase et al. 2014, Guélat and 
Kéry 2018).

In addition to spatial autocorrelation, spatial non-station-
arity poses another statistical challenge to ecological mod-
ellers. When a process is stationary, the statistics that describe 
this process should remain the same regardless of the spatial or 
temporal window that it is measured in. The relevance of this 
to SDMs is that it is assumed that the relationship between 
species response and environmental predictors remains the 
same everywhere; an assumption that is often considered 
unrealistic (Osborne et al. 2007, Hothorn et al. 2011). This 
is particularly important when the purpose of an SDM is to 
forecast distributions in novel environments such as under 
climate change and species invasion scenarios (Yates  et  al. 
2018). There is little value in using a model if the relation-
ship between species and the predictors varies between the 
model calibration window (both spatial and temporal) and 
the target window.

Endogenous processes can be incorporated into virtual 
species simulations in several ways. One approach is to spec-
ify spatial or spatiotemporal processes that are combined with 
exogenous drivers of distribution to represent these processes 
in a generalised form (Dormann et al. 2007). Alternatively, 
spatially explicit simulation methods such as cellular autom-
ata (CA) and individual-based models (IBM) can be used to 
explicitly simulate dispersal, population and biotic interac-
tion processes. While there is a great deal of flexibility in the 
implementation of these methods, both CA and IBMs are 
often simulated in a landscape consisting of a two-dimen-
sional grid. In a CA, each cell in the grid usually has one state 
(or set of states), while in an IBM the landscape contains 
many individual objects, where each individual has its own 
state (or set of states) and occupies one cell within the grid; 
one cell can hold many individuals.

In their reflection on the use of virtual species, 
Meynard  et  al. (2019) provide some important advice for 
future studies. First, the characteristics of virtual species dis-
tributions need to meet the study requirements. Second, the 
species–environment relationship and distribution patterns 
of the virtual species must be analogous to what is found in 
the real world. The comparisons between the threshold and 
probabilistic approaches (Meynard and Kaplan 2012, 2013) 
highlight why these issues are important. However, it is not 
clear how simulations incorporating endogenous processes 
affect the species–environment relationship and what this 
means for simulating virtual species.

We address this by developing simulations incorporating 
both dispersal and population processes using CA and IBMs 
to compare the characteristics of their simulated distributions 
to those generated using the probabilistic approach. Given 
the spatially explicit nature of these endogenous processes, we 
hypothesise that the spatial structure of the environment will 
influence the observed relationship between species response 
(occurrence) and the environment (habitat suitability), 
referred to as the species–environment relationship.

We simulated occurrences with and without endogenous 
processes, across a range of landscapes with variable spatial 
characteristics to test our hypothesis. Comparisons of the 
relationship between species and habitat suitability were 
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then evaluated to determine three characteristics, namely: 
1) what are the similarities and differences in different simu-
lated species response to habitat suitability? 2) Is the spatial 
distribution of the response fully explainable by habitat suit-
ability? And 3) is the response consistent across landscapes 
of different spatial structure when incorporating endogenous 
processes?

Methods

Simulated landscapes

To create a range of spatial patterns in habitat suitability, a 
suite of landscapes consisting of three environmental variables 
were defined on a 400 × 400 grid, simulated using Gaussian 
random fields (GRF) with the NLMR package (Sciaini et al. 
2018) in R (<www.r-project.org>). To produce a set of envi-
ronments with distinct spatial characteristics, three types of 
variables were defined by the spatial correlation range of the 
GRF. Long-range variables had the range parameter set at 
100 pixels (25% study area width), moderate-range variables 
at 40 pixels (10% study area width) and short-range at five 
pixels (2% study area width). These variable categories were 
combined to produce five landscape categories with environ-
mental processes operating at a range of spatial scales. We 
assume that there is always some form of a long-range vari-
able in each of the landscapes, similar to broad-scale tem-
perature changes in the real world, with the remaining two 
variables being a combination of the three variables catego-
ries. These landscapes were named LLM, LLS, LMS, LMM 
and LSS, where L = long-range GRF, M = moderate-range 
GRF and S = short-range GRF. A total of 10 replicate land-
scapes were generated for each landscape category to produce 
50 landscapes.

Species simulations

Three types of simulations were used to create virtual spe-
cies – dispersal-only (DO), dispersal with population pro-
cesses (DP) and exogenous-only (EO).To ensure observed 
differences between simulated species were due to the effect 
of endogenous processes, each species utilised habitat suit-
ability maps defined using the same suitability function. This 
consisted of a normal shaped response function for each envi-
ronmental variable in a landscape with maximum suitability 
value of one. These functions were combined multiplicatively 
to produce a habitat suitability map using the R package vir-
tualspecies (Leroy et al. 2016). The final suitability maps were 
linearly rescaled to range in value between 0 and 100, which 
is a requirement of the software used to implement the DP 
simulations.

A cellular automaton was used to implement the DO 
simulations, interpreting suitability values as the probabil-
ity of persistence by dividing the suitability map values by 
100. If a cell was occupied, a Bernoulli trial was performed, 
weighted by this probability to determine if that cell remained 

occupied going into the next time step. Each occupied cell 
had a chance to disperse, which was determined by the prob-
ability of dispersal parameter. If the occupied cell was selected 
to disperse, a neighbouring cell was selected to be occupied; 
the dispersing cell remained occupied. A total of four species 
were implemented defined by low/high dispersal probability 
and low/high mean dispersal distance of the dispersal kernel 
(Table 1). A total of 200 iterations per simulation was found 
to be enough to reach equilibrium in species distributions 
(Supporting information). These simulations only produced 
occurrences as the response.

The IBM RangeShifter (Bocedi  et  al. 2014), was used 
to implement the DP simulations. Population processes 
were parameterised to represent a species with high fecun-
dity, moderate lifespan and moderate probability of survival, 
along with another that had low fecundity, long lifespan and 
high probability of survival. Dispersal was simulated using 
a double negative exponential kernel, with the first kernel 
representing ‘general’ dispersal. The second represented low 
probability long-range dispersal events that can be important 
for species to colonise new areas (Davis and Watson 2018). 
Two parameter sets were defined to represent species with 
short- and long-range dispersal. The combination of dispersal 
and population parameter sets created four species (Table 1), 
each of which had density dependence in both emigration 
rates and fecundity but had different dispersal and demo-
graphic parameters. In this simulation, habitat suitability lin-
early scales the carrying capacity of each cell, which in turn 
influences the fecundity and emigration rates due to density 
dependence in these processes. These simulations produced 
abundance as the response, which was converted to occur-
rence by setting non-zero abundances to one. Simulations 
were initialised on each landscape by setting each cell to the 
cell’s carrying capacity, with 600 iterations of the model ade-
quate to stabilise distributions (Supporting information).

Exogenous-only simulations utilised the standard method 
for generating virtual species via the probabilistic approach. 
Species were implemented by sampling from a Poisson dis-
tribution at each cell to produce an abundance response that 
was converted to occurrence. When habitat suitability was at 
its highest value (1), the mean of the Poisson distribution (λ) 
was set to 10. To control the prevalence of the EO species, λ 
scaled exponentially with habitat suitability. The steepness of 

Table 1. Defining characteristics of simulated species.

Species name Dispersal probability
Dispersal  
distance Fecundity

DO_Species1 low high NA
DO_Species2 low low NA
DO_Species3 high high NA
DO_Species4 high low NA
DP_Species1 density dependent low high
DP_Species2 density dependent low low
DP_Species3 density dependent high high
DP_Species4 density dependent high low
EO_Species1 NA NA NA
EO_Species2 NA NA NA
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the exponential curve was varied to create two probabilistic 
species, one (EO_Species2) with lower prevalence than the 
other (EO_Species1).

These three simulation types were chosen because they 
represent the incorporation of increasing numbers of endog-
enous processes. It is also important to be clear on the differ-
ent interpretation of habitat suitability in relation to species 
occurrence for each approach. In the EO simulations the 
probability of occurrence is given by the probability that 
Poisson(λ) > 0. This means the probability distribution of 
occurrences is equivalent to Bernoulli(1 − e−λ), with λ scaling 
with habitat suitability. The DO simulations interpret suit-
ability as the probability of persistence that is also Bernoulli 
distributed. Over a number of iterations, cells will become 
extinct and be recolonised if accessible by other occupied 
cells. As a result, the probability of occurrence scales with 
habitat suitability but is also dependent on the number of 
nearby cells dispersing to offset the rate of cell extinction. 
In DP simulations, suitability scales linearly with carrying 
capacity which limits abundance. This means the probabil-
ity of a cell going extinct is dependent on the probability of 
survival of a single individual and the number of individuals 
within that cell (abundance). These simulations also rely on 
enough individuals being available to disperse to offset cell 
extinction rates. However, this rate is not only influenced by 
the amount of nearby colonised cells, but also the abundance 
in those cells; higher abundance means a greater number of 
emigrants.

A total of 10 replicate simulations were produced for 
each species and landscape. This resulted in a total of 5000 
simulations (10 species × 50 landscapes × 10 replicates). 
Probabilistic simulations were implemented in R (<www.r-
project.org>), while CA simulations were implemented 
in Julia (Bezanson  et  al. 2017). Further details of code for 
implementation, parameterisation and analysis of simula-
tions are available in the Supporting information.

Evaluating data characteristics

Initial analysis of results suggested that clustered portions of 
high suitability habitat were important for sustaining pop-
ulations in DP simulations. To test if this were the case, a 
threshold was applied to the habitat suitability maps to cre-
ate binary maps of high suitability habitat patches. A thresh-
old of 75 was used to define high suitability patches and a 
threshold of 85 to define very high suitability patches. These 
were selected after evaluating species responses to suitabil-
ity, with low prevalence of occupied cells with suitability less 
than these thresholds. All species prevalence scales linearly 
with the prevalence of high suitability cells, with high fecun-
dity species having a steeper rate of change than other species 
(Supporting information). Landscape metrics were then used 
to describe the characteristics of these discrete landscapes 
using the R package landscapemetrics (Hesselbarth  et  al. 
2019). Landscape level metrics evaluated included mean 
patch area, mean contiguity, landscape shape index (LSI, 
ratio of total edge length to minimum possible edge length). 

The area of individual patches within each landscape was also 
recorded, along with the number of cells occupied within 
each patch.

Patch area dependence
All species parameters approach their maximum within high 
suitability cells. To determine whether spatial aggregation 
of high suitability cells in patches influences virtual species 
distributions, a number of analyses were performed. First, 
to determine if patch size affected local extinction rates, the 
proportion of all patches that were unoccupied across all 
simulations within patch size classes (1–5, 6–10, 11–15, … 
95–100, > 100 cells) were measured. Second, to determine 
whether species used all or only some of the patch area, the 
proportion of cells occupied within a patch were regressed 
against patch area. Lastly, the prevalence of the species within 
high suitability patches versus outside was compared across 
all simulations.

Species response to the suitability gradient
The species–suitability relationship was described by measur-
ing the proportion of available cells that are occupied along the 
suitability gradient. In addition, logistic regression was used 
to describe this relationship with suitability as the indepen-
dent variable. All cells in the simulated raster were included as 
single observations in each model. This allowed visual assess-
ment of changes in measured response, as well as analyses of 
changes to a single value (suitability regression coefficient) 
that describe the variability of the response. The analysis con-
sisted of regressing suitability regression coefficient values for 
each simulation against descriptors of landscape structure, 
which are the three landscape metrics described previously. 
We report standardised coefficients as an estimate of the size 
of the effect on suitability coefficients and apportion the per-
centage variance explained to each metric to quantify their 
explanatory power. This was done by averaging the reduction 
in the sum of squared errors when adding each predictor vari-
able into the model, accounting for the order that variables 
are incorporated. The R package relaimpo (Grömping 2006) 
was used to implement this analysis.

Residual spatial autocorrelation
Spatial autocorrelation in model residuals can either be inter-
preted as poor model fit (e.g. wrong parameters or response 
shape) or due to aggregating processes that were not accounted 
for in the model (Dormann 2007). We evaluated the spatial 
structure of regression model residuals to evaluate how well 
the suitability gradient explained the virtual species distribu-
tion. This was done using Moran’s I correlograms using the 
R package ELSA (Naimi et al. 2019). A lag distance of five 
pixels and a maximum distance of 100 pixels (20 lags in total) 
were used. To evaluate changes in the strength of spatial auto-
correlation, values at each lag distance were summed together 
– this is the Manhattan distance from zero spatial autocorre-
lation. The regression analysis conducted with the suitability 
coefficients was also repeated for these values.

A graphical summary of the methods is provided in Fig. 1
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Results

Patch area dependence

Probabilistic simulations (EO_Species) exhibited no depen-
dence on patch size, with very low rates of local extinction in 
the smallest patch size class only, primarily driven by single-cell 

patches. Dispersal-only simulations had higher rates of local 
extinction that decrease with patch size and affected species 
with low dispersal probability the most. Simulations incor-
porating dispersal and population had higher rates of local 
extinction than EO and DO species. Low fecundity species 
had the highest rates of local extinction, while high fecundity 
and high dispersal species (DP_Species3) had higher rates of 

Figure 1. Graphical overview of experiment workflow.
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local extinction in larger patch size classes compared to other 
DP species. These patterns were consistent between both high 
and very high suitability patches (Supporting information).

Both DO and DP species cover a greater proportion of 
patches as patch size increases. Probabilistic simulations 
remain consistent across all patch sizes (Fig. 2). High fecun-
dity DP species tend to occupy almost the whole extent of 
a patch, particularly with patch size > 100. Low fecundity 
species only occupy a fraction of small patches but continue 
to respond positively to increasing patch size. DO species, on 
the other hand, show increases up until patches of ~100 cells, 
after which the rate of cover increase slows greatly.

In DO and DP species, high dispersal probability and high 
fecundity species had a greater proportion of occupied cells 
outside of patches compared to low dispersal probability and 
low fecundity species. In EO species, the high prevalence spe-
cies (EO_Species1) had a greater proportion of occupied cells 
outside of patches compared to low prevalence (EO_Species2). 
For all species, the proportion of occupied cells outside of hab-
itat patches decreased with the increased availability of high 
and very high suitability habitat patches. This is due to the 
fixed landscape size, meaning that as availability of high suit-
ability patches increased, non-patch areas decreased. However, 
the rate of decrease in the proportion of occupied cells outside 
of habitat patches was lower for DP species than DO and EO 
species, which had the highest rate of decrease (Supporting 
information). A visual example of these dependencies on high 
suitability patches can be found in Fig. 3.

Species–suitability relationship

All species had a sigmoidal shaped response to the suitability 
gradient (Fig. 4). There was considerably more variability in 
the response of DP species compared to DO and EO species; 
the latter having virtually no variability. This variability is 
described by the logistic regression coefficients. When inter-
preting changes to coefficients, increasing suitability coeffi-
cients means an increase to the slope of the point of inflexion, 
while decreasing intercepts moves the point of inflexion to 
the right along the x-axis (Supporting information). Changes 
to the intercept were strongly negatively correlated with 
changes in the suitability coefficient for all species, with high 
dispersal DP species having the lowest correlation strength 
(DP_Species3 = −0.84, DP_Species4 = −0.83). This means 
that typically, as suitability coefficients increase, the response 
curve becomes steeper and shifts to the right of the suitability 
gradient (Supporting information).

Variability of regression coefficients matched our descrip-
tion of variability of the measured response (Supporting 
information). Assessment of the explanatory power of land-
scape metrics on the variability of regression coefficients indi-
cated that mean patch contiguity had the greatest explanatory 
power for DP simulations on suitability coefficients (Table 
2). For DO and EO simulations, landscape shape index and 
mean patch area had greater explanatory power respectively. 
However, their standardised coefficients were much smaller 
due to less variation in suitability coefficients (Table 2). 

Figure 2. Relationship between high suitability patch area and the proportion of a patch being filled. Curves obtained via a generalised 
additive model, with additional plots showing the distribution of data points available in the Supporting information.
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These relationships were consistent whether using high suit-
ability or very high suitability patches (Supporting informa-
tion). Patterns were the same for intercept values, except LSI 
had greater explanatory power when using high suitability 
patches.

Spatial autocorrelation

Probabilistic simulations exhibited no spatial autocorrelation 
in either regression model residuals. All DP species exhibited 
some degree of residual spatial autocorrelation, but this was 
strongest in the high fecundity species (Fig. 5). While this 
trend was consistent between landscapes, the strength of spa-
tial autocorrelation did vary between landscapes (Supporting 
information). Landscape metrics did not explain the variance 
in spatial autocorrelation strength as well as regression coef-
ficients did, particularly for low fecundity species. When the 
analysis was performed using high suitability patches and low 
fecundity species, mean area was the most important metric. 
For high fecundity species, landscape shape index was more 
important; all species responded positively to these metrics 
(Supporting information). However, when the analysis used 
very high suitability patches, landscape shape index became 
more important for low fecundity species and mean contigu-
ity for high fecundity species (Supporting information).

Discussion

Differences between simulation methods

Simulations using a probabilistic approach are currently the 
recommended method of generating virtual species distri-
butions (Meynard et al. 2019). Despite the range of appli-
cations of spatially explicit simulations in ecology, it is not 
clear what might be gained by incorporating endogenous 
processes into virtual species simulations. We found that the 
probabilistic approach produced a response to the environ-
ment that was consistent across landscapes, and also had no 
residual spatial autocorrelation when describing this response 
via regression. This indicates that with this type of approach, 
the species response to the environment is both stationary 
and fully explainable by the suitability gradient. However, 
both DO and DP simulations had greater variability in the 
species response between landscapes indicating these simu-
lations produced a non-stationary response. This was most 
prominent in the DP simulations with landscapes that have 
good contiguity (low perimeter:area ratio). The simulated 
response from DP simulations also had high residual spatial 
autocorrelation, indicating that patterns in the response are 
not fully explainable by the suitability gradient alone. This 
finding aligns with Bahn et al. (2008), with their simulations 
incorporating dispersal and populations dynamics also result-
ing in high residual spatial autocorrelation.

To understand why these patterns occur, it is important to 
understand the differences between the dispersal mechanism 
when using DO and DP simulations. As described in the 
methods section, the probability of a cell staying occupied 
in one timestep in DP simulations is a function of individ-
ual survival and abundance. The same goes for the number 
of emigrants, with cells of greater abundance having higher 
numbers of emigrants. This means that larger patches of high 
suitability are more likely to have greater abundances (due to 
high carrying capacity). Cells with higher abundance then 
have high numbers of emigrants which either mitigate local 
extinction risks or serve to increase abundance in nearby cells 
(Fig. 6). As a result, there is spatial dependence in the prob-
ability of a cell being colonised and the probability of persis-
tence. In DO simulations, only the probability of a cell being 
colonised has spatial dependence, the probability of persis-
tence remains constant.

This explains two unexpected results in our analysis. The 
first of these is the dependence of DP simulations on the size 
of high suitability patches to maintain persistent popula-
tions through time. The second is the lack of residual spa-
tial autocorrelation in the DO model (Fig. 5). Despite being 
generated with spatially explicit dispersal processes, the rate 
of emigration remains similar across the landscape. Once 
the simulation has stabilised and reached equilibrium, the 
probability of persistence remains independent, following a 
binomial distribution, scaled by suitability. De Marco et al. 
(2008) used a CA similar to ours but found higher resid-
ual spatial autocorrelation. However, they simulated range 
expansion, explicitly creating non-equilibrium conditions. 

Figure  3. Example of distributional patterns of occurrence (solid 
yellow) and high suitability habitat patches (transparent grey) for six 
of the ten virtual species. Dark blue represents species absence.
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On the other hand, DP simulations have variable rates of 
emigration depending on landscape characteristics, resulting 
in greater amounts of clustering around large habitat patches. 
This causes prevalence along the habitat suitability gradient, 
with higher than expected prevalence within and around 
large patches and lower than expected within and around 
small patches. As the structural characteristics of patches var-
ied between landscapes, so did the observed patterns in the 
species result, causing spatial non-stationarity and autocor-
relation of residuals.

Consistency with ecological patterns

Analysis of our simulations demonstrates that the species 
response is a function of both the availability and the spa-
tial configuration of environmental variables, specifically the 
size of high suitability patches and proximity of other cells 
to viable patches. This aligns with metapopulation theory 
where small and low quality habitat patches are more sus-
ceptible to extinction and become reliant on colonisation of 
nearby patches for persistence (Hanski 1998, Franzén and 

Figure 4. Median proportion of cells occupied along the habitat suitability gradient (solid line) with first and third quartiles (shaded region). 
DO = dispersal only, DP = dispersal and population, EO = exogenous only. DP species placed on separate panel for clarity.
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Nilsson 2010). We also observed that occupancy of moderate 
and low suitability cells was dependent on their proximity to 
these high suitability patches. This is analogous to source–
sink dynamics, where populations in lower suitability sites 
are maintained by immigration from nearby high suitability 
sites (Pulliam 1988). Both these observations highlight that 
incorporating dispersal and population dynamics result in 
distributional patterns that are expected by ecological theory 
– an important criterion for successful simulation of virtual 
species (Meynard et al. 2019).

While realistic distributional patterns emerge from the 
DP simulations, that does not necessarily mean all aspects 
of these simulations are realistic. We simulated continuously 
varying habitat suitability on a discrete grid. In effect, each 
cell was a discrete population where demographic processes 
occur independently of the cells around it within each time 
step. At the cell scale, this appears unrealistic as within-cell 
processes are spatially homogenised. However, with decreas-
ing cell size, groups of cells begin to operate as more real-
istic populations, as seen in our results. This demonstrates 

Table 2. Explanatory power of landscape metrics calculated using high suitability (suitability > 75) on the variability of suitability coeffi-
cients. Bold values are highest contributions for that species. Note coefficient values are × 10−2 to improve readability.

Species R2

Proportion explained variance Standardised coefficients (× 10−2)
Contiguity Area LSI Contiguity Area LSI 

EO_Species1 0.88 0.04 0.52 0.33 0.0 0.2 0.2
EO_Species2 0.95 0.06 0.65 0.24 0.0 0.4 0.2
DO_Species1 0.92 0.22 0.09 0.61 −0.3 −0.2 −0.6
DO_Species2 0.93 0.26 0.07 0.60 −0.3 −0.2 −0.6
DO_Species3 0.95 0.23 0.10 0.61 −0.3 −0.2 −0.5
DO_Species4 0.94 0.28 0.06 0.60 −0.3 −0.1 −0.5
DP_Species1 0.84 0.52 0.11 0.21 −1.2 0.5 −0.7
DP_Species2 0.81 0.42 0.04 0.35 −0.9 0.2 −0.9
DP_Species3 0.85 0.54 0.13 0.19 −1.1 0.4 −0.6
DP_Species4 0.83 0.42 0.03 0.38 −0.9 0.1 −0.9

Figure 5. Mean Moran’s I correlogram (horizontal lines) including all simulations, grouped by species type. Vertical lines represent standard 
errors.
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the importance of spatial scale and cell size when setting up 
simulations. This issue is highlighted in Bocedi et al. (2012), 
a simulation study investigating range expansion dynamics 
with an IBM incorporating both population and dispersal 
processes. Increasing the cell size homogenised the spatial 
structure of the landscape, as well as the population processes 
within cells. It also led to stabilisation of populations within 
a cell, resulting in a lower risk of local extinction, while the 
colonisation rate also increased.

Increasing realism in simulated distributions may be chal-
lenging as distributional characteristics may be difficult to 
assess in the real world. For example, recent work has iden-
tified weak relationships between species occurrence and 
abundance (Thuiller et al. 2014, Dallas and Hastings 2018). 
Similarly, findings have shown how areas of greatest abun-
dance do not necessarily coincide with the centre of a spe-
cies niche (Dallas et al. 2017). In DP and EO simulations, 
occurrence is correlated with abundance and species are 
most abundant at the highest suitability values (niche cen-
tre; Supporting information). This could indicate a lack of 
realism in our simulations, possibly due to a lack of other 
processes that may influence species survival such as environ-
mental stochasticity (Osorio-Olvera et al. 2019, Dallas and 
Santini 2020). However, in the real world, there are signifi-
cant uncertainties in estimating the species niche, probabili-
ties of occurrence and population dynamics. So, the meaning 
of correlations between these measures may be difficult to 

interpret and extrapolate to all species. This reinforces that 
we can strive to make simulations more realistic, but we must 
also acknowledge that knowing what a realistic simulation 
looks like depends upon our understanding of real-world pat-
terns, which is fraught with considerable uncertainty. This 
is why we have focussed on the statistical characteristics of 
our simulated data (prevalence, autocorrelation, stationarity) 
as these are easily quantifiable, understandable and pose rel-
evant challenges to SDM development.

Why do these characteristics matter?

Simulation studies in SDM are used to test various aspects 
of the SDM development process. We have identified spa-
tial autocorrelation and non-stationarity as two statistical 
characteristics present in simulations with endogenous pro-
cesses. Future researchers need to ask themselves whether 
these characteristics are important for their simulated SDM 
experiments. Given our current understanding of their 
impacts on SDM performance, it is likely that these charac-
teristics are important. For example, studies often compare 
the performance of a range of modelling methods includ-
ing parametric methods such as GLM and non-parametric 
approaches like Random Forest (Qiao et al. 2015, Liu et al. 
2019). However, spatial autocorrelation violates the statistical 
assumptions of independence, which could affect the perfor-
mance of parametric methods more so than non-parametric 

Figure 6. Diagram demonstrating how clusters of occupied, high suitability patches can mitigate extinction risk, increasing local abundance. 
This then leads to greater numbers of emigrants that increase the colonisation rate of nearby cells.
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ones (Segurado et al. 2006). When simulation studies have 
incorporated endogenous processes, it has often been to com-
pare traditional SDMs to other methods such as dynamic 
range models (Zurell et al. 2016) or spatially explicit mod-
els (De Marco et al. 2008). These studies typically show that 
traditional SDMs under-perform compared to those that do 
account for these types of processes. As a result, relying on a 
probabilistic approach to demonstrate the accuracy of SDMs 
may give a false sense of security in their capabilities. This 
is a particularly pertinent point given the importance other 
researchers have placed on trying to incorporate population 
and dispersal processes in SDMs of real species (Zurell et al. 
2009, Franklin 2010, Soberón 2010, Normand et al. 2014).

The increased spatial autocorrelation could also conceiv-
ably influence variable selection. When two variables are both 
spatially autocorrelated there is a high probability of being 
correlated with each other without any causal relationship, 
particularly when spatial autocorrelation is strong in both 
variables (Currie et al. 2019). The effect of this is highlighted 
in Journé et al. (2020) when using CA simulations to create 
a null species that had no causal relationship to the environ-
ment by allowing the CA to spread up to a certain range size. 
They found that SDMs calibrated with data from these simu-
lated species had equally good measures of accuracy when 
compared to real species data.

An important role for SDMs is to forecast the potential 
distribution of species in novel conditions such as under cli-
mate change scenarios. The problems that affect model trans-
ferability are often discussed in terms of extrapolation. This 
is due to models predicting into unobserved values or com-
binations of values of predictor variables (Zurell et al. 2012). 
The non-stationarity of the species relationship with the suit-
ability gradient demonstrated here highlights another issue 
to consider when evaluating model transferability, namely 
environmental spatial structure.

Limitations

Our use of landscape metrics provides evidence that there 
are quantifiable characteristics of the spatial structure of 
the simulated landscapes that influence simulated species 
response. While the relationship between patch area and 
species response seems clear, why mean contiguity and land-
scape shape index have greater explanatory power of changes 
in regression coefficients is not. There may be other useful 
structural characteristics not tested here, which may warrant 
further research to understand how landscape metrics can be 
incorporated into SDMs (Ortner and Wallentin 2020).

In addition, we acknowledge that there are potentially 
infinite ways to implement and parameterise CA and IBM 
simulations, as highlighted in the previous section. This may 
mean there are responses and considerations unique to spe-
cific implementations of these models. For example, our 
simulations were initialised by setting all cells as occupied, 
but another alternative is to seed a limited number of loca-
tions from which species can expand from. This results in 
areas that may be inaccessible for colonisation, which resulted 

in SDMs typically overpredicting (De Marco and Nóbrega 
2018, de Andrade et al. 2019). Another interesting example is 
that of Hoffman et al. (2010) and Zurell et al. (2016) decou-
pled survival probabilities and fecundity in their simulations. 
Zurell et al. (2016) found this caused a lag in changes to spa-
tial patterns of occurrences under dynamic environmental 
conditions, while Hoffman et al. (2010) described the decou-
pling as affecting the strength of the species–suitability rela-
tionship. While these examples provide interesting examples, 
the mechanism behind why we observed the differences in 
response between virtual species should give future researchers 
guidance in identifying appropriate simulation methods. We 
echo Meynard et al. (2019) in recommending that researchers 
check how their virtual species respond to the environment to 
ensure it is valid for their individual study requirements.

Conclusions

Species distributions are shaped by both endogenous and 
exogenous processes. Simulating virtual species distributions 
using the probabilistic approach results in a response that 
is consistent across landscapes. Incorporating both popula-
tion fecundity and dispersal causes the species response to 
be dependent by the abundance of neighbouring cells. This 
results in dependence on the spatial characteristics (e.g. size, 
shape) of high suitability patches, increased residual spa-
tial autocorrelation and non-stationarity of the relationship 
between species response and habitat suitability. This pro-
duces more challenging and realistic scenarios to test the 
efficacy of species distribution models. Because of the depen-
dence of the species response to the spatial structure of the 
environment, researchers should run simulations over several 
landscape types to adequately test their models.

In addition, the development of tools such as NicheA 
(Qiao et al. 2016) and the R package virtualspecies (Leroy et al. 
2016) have given the research community the ability to 
implement standardised and reproducible simulation stud-
ies. These tools focus on the exogenous component of species 
distributions and there remains scope for the development of 
tools and guidelines on how to implement and parameterise 
simulations incorporating endogenous processes. This has the 
potential to break down barriers for the uptake of these meth-
ods which may help increase understanding of the challenges 
of modelling species distributions.
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