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1  |  INTRODUC TION

In this study, we introduce a novel modelling technique for individual-
based simulations of continuous-space populations in which com-
petition between individuals is mediated by abstractly simulated 
resources within the modelled area. Our research goal in designing 
this method has two parts: first is that the model should exhibit dy-
namics that closely match the dynamics of existing individual-based 

continuous-space models with homogeneous landscapes in which 
competition is simulated via direct interactions between individuals; 
second is that the model should offer better runtime performance 
than such models.

Historically, models of evolutionary processes often avoided 
the inclusion of spatiality by treating populations as well-mixed 
and randomly mating. This assumption of so-called ‘panmixia’ can 
allow for tractable mathematical solutions and efficient simulation 
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Abstract
1.	 Continuous-space population models can yield significantly different results from 

their panmictic counterparts when assessing evolutionary, ecological or popu-
lation genetic processes. However, the computational burden of spatial models 
is typically much greater than that of panmictic models due to the overhead of 
determining which individuals interact with one another and how strongly they 
interact. While these calculations are necessary to model local competition that 
regulates the population density, they can lead to prohibitively long runtimes.

2.	 Here, we present a novel modelling method in which the resources available to 
a population are abstractly represented as an additional layer of the simulation. 
Instead of interacting directly with one another, individuals interact indirectly via 
this resource layer.

3.	 We find that this method closely matches other spatial models, yet can dramat-
ically increase the speed of the model, allowing the simulation of much larger 
populations.

4.	 In addition to improved runtimes, models structured in this manner exhibit other 
desirable characteristics, including more explicit control over population density 
near the edge of the simulated area, and an efficient route for modelling complex 
heterogeneous landscapes.
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approaches, and therefore lies at the core of many population models 
(Kingman, 1982; Wright, 1931). Yet, while panmixia may be a suitable 
assumption for describing populations in laboratory settings, small 
islands and a handful of other cases (Beveridge & Simmons, 2006; 
Brelsfoard & Dobson, 2012; Pujolar, 2013), there are many contexts 
in the natural world that can only be accurately investigated with 
some representation of spatiality (Battey et al., 2020; Champer, Kim, 
et  al.,  2021; Champer, Oakes, et  al.,  2021; Champer et  al.,  2022; 
Muktupavela et al., 2022).

One approach for incorporating spatial population structure 
is to break up a population into discrete subpopulations that are 
treated as separate panmictic demes linked by migration (Battey 
et  al.,  2020; Birch et  al.,  2007; Epperson,  2003; Lundgren & 
Ralph, 2019). This can be a good approximation when modelling 
landscapes with discrete habitat patches, such as separate islands 
with inter-island dispersal and similar scenarios. However, it may 
not be well suited to populations that inhabit larger continuous 
landscapes.

For such populations, it is often critical to model continuous 
space explicitly in order to capture key aspects of ecological and 
evolutionary dynamics. For example, individual-based continuous-
space models have been used to examine the wave of advance of a 
spreading beneficial allele, or the expansion of an invasive species 
into an area where it has been newly introduced (Fisher, 1937; Garud 
et al., 2015; Messer & Petrov, 2013; Min et al., 2022; Muktupavela 
et al., 2022; Urban et al., 2008). Such models have also revealed a 
more complex range of possible outcomes when modelling inter-
ventions against pest populations or invasive species, including 
cyclical spatial extinction–recolonization dynamics (Champer, Kim, 
et al., 2021; Champer, Oakes, et al., 2021).

An expanding frontier in population modelling is to go be-
yond homogeneous space models by constructing simulations 
that take place on a realistic heterogeneous landscape. It is clear 
that resource availability, for instance, can have a profound im-
pact on animal behaviour (Burgett & Morse,  1974; Champer & 
Schlenoff, 2024; Doherty et al., 2019; SC Banks, 2007). For this 
reason, several types of population models that take resource 
availability into account have been developed. The most abstract 
such models are reaction–diffusion models and other mathe-
matical models based on differential equations used primarily 
for theoretical investigations given their high degree of abstrac-
tion from the complexity of real-world populations (Cantrell & 
Cosner,  1991; Hening et  al.,  2018). Habitat suitability models 
are another family of mathematical models that are built by cor-
relating species distributions with environmental measurements 
(Donovan et  al.,  1987; Gregory et  al.,  2014; Peterson,  2003). 
Habitat suitability models have numerous applications, from pre-
dicting species invasions to designing interventions such as habi-
tat corridors to aid threatened populations, but they generally do 
not include effects due to ecological interactions such as compe-
tition within and between species nor can they easily include evo-
lutionary dynamics (Gregory et al., 2014; Peterson, 2003). A less 
abstracted (but also more computationally intensive) approach for 

representing heterogeneous resource availability is to include a 
spatial resource map in individual-based continuous-space models 
(Booker, 2023; Champer et al., 2020; Chevy et al., 2024; Doebeli 
& Dieckmann, 2003; Lotterhos, 2019, 2023). In such models, the 
spatial resource map can be created using the same kind of envi-
ronmental data used to construct habitat suitability models and 
can then be used in the context of simulated ecological dynam-
ics within the model, affecting population density, dispersal be-
haviour and more.

Unfortunately, individual-based simulations of continuous-
space populations, on both homogeneous and heterogenous 
landscapes, are typically marked by much longer runtimes than 
panmictic or mathematical models, often rendering them a less de-
sirable or outright impractical choice. These longer runtimes are a 
result of the significant computational cost of spatial calculations. 
Throughout the simulation, spatial positions are used to make de-
terminations such as which individuals can mate with one another 
and which are in competition, and these determinations must be 
updated whenever individuals move, die or are born. To make 
these determinations, each individual must ascertain whether or 
not it is interacting with each other individual; if two individuals 
interact, the strength of the interaction, usually a function of the 
distance between the individuals, must then be computed (we will 
call these ‘direct interaction models’). Superficially, it might ap-
pear that this process would require on the order of n2 operations 
for a population of n individuals, but since individuals are usually 
defined as only interacting when within some threshold distance, 
the use of a space-partitioning data structure to search for nearby 
individuals can reduce the workload substantially. The more spa-
tially local the interactions, the greater the performance improve-
ment yielded by such data structures (Bentley,  1975; Haller & 
Messer, 2019). Nonetheless, spatial calculations still often occupy 
the majority of the runtime of direct interaction models and can 
thus be the main factor that prevents the use of continuous-space 
models or limits their practical scale.

Additional problems can crop up near the boundaries of spatial 
models. If individuals are distributed approximately uniformly, as 
might be considered appropriate in many cases, individuals at the 
edges of the simulated area tend to interact with fewer neigh-
bours. Since spatial population regulation depends on local den-
sity, this can result in edge areas becoming overpopulated relative 
to interior areas, which might be an undesired model behaviour. 
Such edge effects can in principle be corrected by calculating 
local density only within the modelled area (Chevy et  al.,  2024; 
Haller & Messer,  2023). However, this correction is not always 
trivial and thus represents an additional computational burden, 
especially when interaction strength is governed by more com-
plex functions of distance or when modelling an area with an ir-
regular border (such as an island's coastline) rather than a square 
or rectangular area.

In the resource-explicit method that we introduce in this study, 
competitive interactions can be evaluated much faster than in di-
rect interaction models. This is accomplished by explicitly simulating 
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the resources available to each individual. These resources are ab-
stractly modelled as ‘resource nodes’ which are distributed across 
the landscape either uniformly, randomly or as otherwise desired. 
Competing individuals collect resources from the nodes in their 
foraging area, reducing the resources available to other individuals. 
In this way, the local density of individuals is regulated indirectly, 
through extrinsic resource availability, rather than by direct interac-
tions between individuals. With an appropriately chosen resource 
node density, each node can support numerous individuals. Since 
individuals in this model interact with resource nodes instead of with 
one another, and given that there are fewer nodes than individu-
als, competition is determined using fewer total spatial interactions 
as compared to direct interaction models, potentially resulting in 
a substantially faster simulation. Model dynamics near edge areas 
of resource-explicit models may also be preferable to those in di-
rect interaction models. Individuals at the edges of the landscape 
have fewer local competitors, but they are also near proportionately 
fewer resource nodes (since there are neither competitors nor nodes 
outside of the modelled area). Consequently, local carrying capacity 
density near edges is, by default, the same as in the interior of the 
landscape without the need for any time-consuming corrections, 
even when the edge of the landscape has a complex, natural shape 
like a coastline (although resource nodes near edges could be param-
eterized with different resource amounts in cases where different 
edge dynamics are desired).

In this paper, we construct and analyse models using several vari-
ants of this method and show that, although interaction strengths 
between individuals in our resource-explicit models are not defined 
by a strict function of distance, the overall amount of competition 
experienced by individuals in our resource-explicit approach is 
very close to the amount measured by direct interactions, result-
ing in competition dynamics that are extremely close to those of a 
direct interaction model. Furthermore, we show that models using 
this technique offer much better performance than direct interac-
tion models when modelling a dense population (running over 20 
times faster in our simulation scenarios with a density approximately 
matching an urban population of rats (Byers et al., 2019)). Given this 
speedup, our resource-mediated interaction approach can allow 
simulations to be scaled up well beyond the practical limits of direct 
interaction models, opening up new possibilities for biological real-
ism. From these results, then, our method meets our two research 
goals: closely matching direct interaction models with homogeneous 
landscapes, while offering superior runtime performance.

Finally, in Section 4, we expand on these results by outlining sev-
eral extensions to our resource-explicit models that allow the ele-
gant implementation of a number of desirable features. Key among 
these is the extension of this method to simulating realistic hetero-
geneous landscapes. This is accomplished by configuring resource 
nodes with different resource amounts depending on local habitat 
quality, as determined in much the same way as in habitat suitability 
models. A demonstration prototype model which simulates a large 
population of rodents on a heterogeneous landscape (specifically, 

on the South Island of New Zealand) is presented in the Supporting 
Information (Additional Extensions part III).

2  |  METHODS

In order to facilitate a direct comparison between the resource-
explicit technique introduced here and commonly used direct inter-
action models, a simple population model was developed to serve 
as a shared platform. This core model and the derivations from it 
described below are written in the SLiM individual-based forward-
time evolutionary modelling framework (version 4.1) (Haller & 
Messer, 2023).

Our core model implements a population in which competi-
tion determines mortality. Individuals inhabit a two-dimensional 
continuous-space landscape, consisting of a square area with re-
prising boundaries (meaning that individuals are prevented from dis-
persing outside the modelled area; if dispersal coordinates located 
outside the modelled area are drawn, they are redrawn until coor-
dinates within the area are drawn). The simulated area is measured 
in multiples of a basic ‘unit area’, defined as the foraging area of an 
individual of the species being modelled. The foraging radius, r, is 
thus defined as 

√

1∕� (such that the area foraged equals 1), and the 
maximum distance at which two individuals can interact is defined as 
2r, since this is the maximum distance at which there is any overlap 
between the foraging areas of two individuals. The overall size of the 
modelled area is controlled by a landscape size parameter. The car-
rying capacity density (carrying capacity per unit area) is controlled 
by a density parameter.

In each time-step, or ‘tick’, of the model, individuals first repro-
duce and then experience competition-dependent mortality (cal-
culated differently in each of the models and variants described 
below). In our resource-explicit models (with the exception of one 
variant described below) as well as our direct interaction models, 
mate search is conducted using a direct interaction between males 
and females (with a maximum interaction distance of 2r) rather than 
an indirect resource-explicit interaction (because mate search inter-
actions are sex-constrained, and are thus less of a runtime burden 
than competitive interactions). A fixed strength interaction function 
is used for this purpose, resulting in each female having an equal 
probability to choose any male within range (other mate search algo-
rithms could be used, as appropriate for the biology of the modelled 
species; we chose this algorithm to keep the common parts of this 
shared platform as simple as possible). Each female that reproduces 
generates a number of offspring drawn from a Poisson distribution 
with a mean of eight (a sufficiently high value to result in an over-
abundant population during competition-based regulation, but oth-
erwise arbitrarily chosen). Newly generated offspring are assigned a 
spatial position by starting at the same x and y coordinates as their 
maternal parent and then deviating on each axis by a value drawn 
from a normal distribution with a mean of zero and a standard de-
viation of 2r.
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Starting from this shared model platform, we derived several 
model variations differing only in their implementation of competi-
tion. Three of the variants are regulated by direct individual–individ-
ual interactions using three frequently used interaction functions. 
These three direct interaction models are used as a baseline against 
which we compared four resource-explicit model variants. Finally, 
we also prepared a panmictic model in order to assess the propor-
tion of runtime spent by the other models on performing spatial 
computations (as opposed to other necessary functions such as off-
spring generation).

2.1  |  Models with direct interactions between 
individuals

There are several functions that are commonly used to determine 
the interaction strength between individuals in spatial models 
(Figure  1, left panel). The simplest is a fixed strength interaction 
function: All individuals within range interact with the maximum 
possible strength (we will define this maximum competitive inter-
action strength to be 1, throughout this paper). Individuals at the 
maximum interaction range of 2r thus compete just as intensely as 
individuals that are closer to one another. This is usually an unde-
sirable choice when simulating competition for resources because 
it can lead to clustering artefacts that may be unrealistic (Haller & 
Messer, 2016). However, this function is the fastest to evaluate. A 
second option is a linear function: Two individuals in the exact same 
location interact at strength 1, and that interaction strength linearly 
declines to 0 at the maximum interaction distance. Another option is 
a Gaussian function, in which two individuals in the same location in-
teract at strength 1, with interaction strength declining nonlinearly 
with distance, implemented in our model as:

where d is the distance between the two interactors as a fraction of  
the maximum interaction distance, and σ is the standard deviation of  
the interaction function (commonly called its ‘width’), which deter-
mines how quickly interaction strength decays as distance increases.

Each of these three interaction functions is incorporated into a 
separate model in this manuscript. For the Gaussian interaction, we 
used a σ value of 1/3 of the maximum interaction distance to en-
sure that the interaction strength declines to a suitably small value 
(0.011) at the maximum interaction distance. After calculating pair-
wise competition strengths between individuals, mortality for each 
individual is implemented as the sum of all pairwise competition 
strengths experienced by an individual divided by the amount ex-
pected were the local area at carrying capacity.

In addition to these three common choices, many other functions 
could be used to calculate interaction strengths (including exponen-
tially decaying interaction strengths, Cauchy-distributed interaction 
strengths and t-distributed interaction strengths). One additional 
function that is relevant here is the ‘circle intersection’ function. 
Given that all of the interaction functions considered above define 
each individual as foraging from a circular area, this function defines 
the interaction strength between two individuals to be equal to 
the intersection of their foraging areas (Figure  1, right panel). For 
example, this function has been used to describe interference be-
tween trees competing for light in some forest models (von Gadow 
et al., 2021). The resulting function has a strength of 1 for individuals 
that are in the exact same location, decreasing to 0 at the maximum 
interaction distance of 2r (at which range the foraging areas of the 
two individuals intersect at a single point), as described by:

where d is the distance between individuals as a fraction of the 
maximum interaction distance. This function is not commonly used 
in spatial population models (and the runtime of a model using this strength = e

−d2

2�2 ,

strength =
2 × cos−1(d) − 2 × d

√

1 − d2

�

,

F I G U R E  1  Interaction functions: Individuals in continuous-space models typically interact with one another according to an interaction 
strength function. Several interaction functions are depicted in the left panel. The right panel depicts competition between two individuals 
(blue and green diamonds with white outlines) using the circle intersection function; the circle intersection function was chosen for 
illustration because it is the most similar to the interaction strengths produced by our resource-explicit models. The foraging areas of the 
individuals are represented by blue and green shading; competition strength is proportional to the amount by which these foraging areas 
overlap (orange shaded area).
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interaction function was not measured in this manuscript), per-
haps due to the amount of computation required. However, it is 
a well-behaved continuous function based on biologically plausi-
ble assumptions, and we have used it in a suite of tests as a point 
of comparison with the resource-explicit models presented next, 
since it is the interaction function that is most directly analogous 
to our approach, as we will explain.

We also include a panmictic model in which individuals are not 
assigned spatial coordinates. Instead of local competition, a global 
survival rate is imposed on the basis that all individuals equally com-
pete with all other individuals. This survival rate is calculated as the 
carrying capacity of the system divided by the current population 
size. Instead of choosing a nearby mate, females randomly select a 
male from the population as a whole. The panmictic model is other-
wise identical to the other models.

2.2  |  Resource-explicit models

In the resource-explicit models, the landscape is populated with re-
source nodes at the outset of the simulation. The number of nodes 
to be placed on the landscape depends on the desired node density 
and the size of the landscape. For example, a landscape with a total 
area of 1000 times the unit area (the foraging area of an individual) 
populated with a node density of 25 nodes per unit area will be 
populated with 25,000 nodes. Given that node density is defined in 
terms of nodes per unit area, it may be expected that, in this exam-
ple, individuals will each, on average, forage from 25 nodes.

Interactions between individuals in the resource-explicit mod-
els could be considered analogous to interactions calculated by the 
circle intersection function, since individuals in these models for-
age from nearby nodes in a circular area, and competition between 
two individuals is proportional to how much their ranges overlap (in 
terms of how many nodes are shared between them). Two individ-
uals in the same location forage from the same resource nodes and 
could thus be considered to have an interaction strength of 1. That 
interaction strength decreases as the distance between the individ-
uals increases, because the number of nodes they share decreases.

Resource nodes are assigned a value representing the amount 
of resources available in the local area, which is dependent on the 
density parameter of the modelled species as well as the density of 
the resource nodes. To continue the previous example, if the popu-
lation has a carrying capacity density of 100 individuals per unit area 
and nodes have a density of 25 per unit area, then each node has 
resource value of 4.

The resource-explicit models developed in this study were each 
tested with three different resource-node placement methods: a 
uniform hexagonal tiling of the landscape, a uniform square tiling 
of the landscape and a random placement of nodes across the land-
scape. For the random placement method, each node was given an 
independently drawn x- and y-coordinate from a uniform distribu-
tion spanning the modelled area, with positions re-randomized each 
tick of the model to produce a uniform average density of nodes over 

time despite random local density fluctuations in each tick. Each of 
these placement methods was tested with a density of 12, 25 and 
50 nodes per unit area. Although resource nodes may conceptually 
consist of a two-dimensional area (and are depicted as polygons in 
some figures), the resource nodes in the model are point entities.

In the SLiM models presented in this manuscript, resource nodes 
are implemented as a second species for which no life cycle is de-
fined (i.e. no mortality or reproduction) that spatially interacts with 
the modelled individuals. Similar implementations may be possible in 
other modelling frameworks.

See ‘Resource Node Placement Methods’ in the Supporting 
Information for a more detailed description of these methods, along 
with guidance on choosing node density and placement method.

2.2.1  |  Competition in resource-explicit models

We implemented two alternative methods governing how foraging 
competition is calculated within the resource-explicit framework. In 
the first of these, individuals forage from an ‘inelastic’ foraging area, 
only gathering resources from within a fixed distance. In the second 
method, individuals forage from an ‘elastic’ range and can potentially 
forage from further away in order to maintain a full-sized foraging 
area.

In the ‘inelastic’ method (Figure 2, left panels; see Figures S1 and 
S2 for versions of this figure that use a hexagonal tiling and a ran-
dom distribution of resource nodes, respectively), individuals forage 
from all of the resource nodes that are within their foraging radius, 
r. Competition in the inelastic model is calculated by first iterating 
through each resource node. Each node tallies local demand as the 
number of individuals within distance r and then sends each such 
individual an amount of resources equal to the total amount at that 
node divided by the local demand. After each node has distributed 
its resources, individuals are assigned a probability of survival ac-
cording to their amount of resources received, as described in the 
following example.

If the resource node density is 25 nodes per unit area and the 
carrying capacity density of the modelled species is 100 individuals 
per unit area, then each node has a total resource value of 4. If the 
current population size is five times the total carrying capacity of the 
system, and individuals are uniformly distributed, then each of the 
25 nodes an individual forages from provides an average of 4/500 
resources (supply at the node divided by the average demand). 
After collecting resources from 25 such nodes, individuals will have 
collected an average resource amount of (4/500) × 25 = 1/5. The 
amount of resources collected is directly used as a survival rate 
(20%, in this case), which will, on average, bring the population to its 
carrying capacity.

In models using the inelastic method, individuals are not guar-
anteed to have access to the full number of resource nodes that 
correspond to the defined foraging area (the ‘nominal’ foraging area 
of the species). Indeed, individuals in the corners of the landscape 
might forage from only a quarter of their nominal foraging area 
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(Figure 2, bottom left panel; see Figures S1 and S2). Even individuals 
in the interior of the landscape may have access to somewhat more 
or fewer nodes (e.g. the blue individual in the upper left panel of 
Figure 2 forages from 51 nodes, while the nominal foraging area is 
50 nodes). Individuals in the interior of the landscape with fewer 
nodes in range have proportionately lower rates of survival, whereas 
individuals with more nodes in range have proportionately higher 
rates of survival. Near the edge of the landscape, individuals have 
access to fewer nodes, but those nodes are also foraged at by fewer 
competitors, so these effects will tend to balance out.

In the ‘elastic’ method (Figure 2, right panels; see Figures S1 and 
S2), individuals forage from as many nodes as necessary in order to 
maintain their nominal foraging area—though they are limited to the 
nodes that exist within radius R, where R is greater than the forag-
ing radius r in the inelastic model. Given a node density of n nodes 
per unit area, individuals will attempt to forage from the nearest n 
nodes. With a sufficiently large R, individuals will always maintain 

their full nominal foraging area (an R of two times r is sufficient given 
a square landscape, and this value was used in the models in this 
manuscript). In this way, individuals near the edges of the landscape 
are able to forage from further away to compensate for the lack of 
nodes in their vicinity, resulting in an elastic foraging area (Figure 2, 
bottom right panel; see Figures S1 and S2).

In the elastic method, competition is determined as follows. First, 
all individuals are iterated through, and the nearest n resource nodes 
to each individual that are within radius R are recorded. In the pro-
cess, every time a resource node is recorded, a variable belonging to 
the node that tracks local demand is incremented by one. After this, 
all individuals are iterated through once again. During this second it-
eration, each individual receives resources from each of their nodes 
according to the amount at the node divided by the local demand 
at that node. After receiving resources, individuals are assigned a 
survival probability according to the amount received, in the same 
manner described above for the inelastic method.

F I G U R E  2  Visualization of resource-explicit interaction algorithms, square tiling: Competition between two individuals (blue and green 
diamonds) is determined by the portion of their foraging area that overlaps and by the interaction algorithm used in the model. The foraging 
areas are represented by blue and green shading; the overlapping area is shaded orange. In the inelastic model (left), individuals forage from 
resource nodes (dots at the centre of each square) within their foraging radius. In the elastic model (right), individuals forage from as many 
nodes as necessary to maintain a nominally sized foraging area (in this case comprising 50 nodes). Away from the edges of the landscape (top 
row), the two models behave similarly but not identically: In the inelastic model (upper left panel), the blue individual happens to forage from 
51 nodes (due to its precise spatial position within the grid), resulting in slightly greater competition. The difference between the two models 
is much greater in the corner of the landscape (bottom row): The blue individual has a much smaller area in the inelastic model, whereas the 
blue individual in the elastic model forages from much further away to maintain a full-sized foraging area, resulting in greater competition.
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2322  |    CHAMPER et al.

2.2.2  |  Additional resource-explicit model variants

In addition to the basic inelastic and elastic models above, we in-
clude two variants of the inelastic model. The changes that define 
these variants are compatible with one another and could be com-
bined in a single model if desired.

Fair variant
This variant corrects for the spatial variation in mortality rate found 
in the default inelastic model, such that the survival rate of an in-
dividual is unaffected by having access to more or fewer resource 
nodes. This is achieved by performing a preliminary iteration through 
the nodes and incrementing a variable for each individual that tracks 
the number of nodes it forages from (with this variable denoted fx 
for a given individual x). Then, the amount of resources an individual 
i receives from a given resource node is determined as follows:

where a is the amount of resources available at the node, and C is the 
set of all competitors receiving resources from the node.

In this variant, conceptually, all individuals have an equal amount 
of time or energy to forage within their foraging area. Individuals 
with fewer nodes in range spend more time at each of those nodes, 
and thus gather more resources from them, while individuals with 
more nodes in range spend less time at each node.

Resource-explicit reproduction variant
This variant replaces the mate search interaction with a resource-
explicit interaction, thus replacing all direct interactions between in-
dividuals with interactions between individuals and resource nodes. 
Before reproduction takes place, each node caches a list of males 
that are within foraging range. Then, rather than directly searching 
for and choosing a nearby male, females instead select a mate from 
the concatenated lists of males cached at all of the nodes within for-
aging range.

The result of this approach is that potential mates are not chosen 
with equal probability, as in the other models. For example, if a male 
and female have ranges that only overlap at a single resource node, 
that male will be in the female's list of candidate mates only a single 
time. A closer male who shares 25 nodes with the female will be 
duplicated in the list 25 times, resulting in a 25-time higher chance 
for the female to select the closer male. Note that similar dynamics 
can be implemented using a direct interaction with an appropriate 
interaction function.

2.3  |  Model summary

To summarize, we developed seven spatial models and one panmic-
tic model. The seven spatial models share a common core process 
schedule, differing only in how competition is simulated (with a 

single exception in which mate selection also differs). The first step 
during each tick of the models is that females search for mates (using 
a fixed strength direct interaction, except in the ‘resource-explicit 
reproduction variant’). Mated females then produce an average of 
eight offspring, which disperse away from their female parent. Next, 
individuals compete using one of six competition algorithms: three 
direct interaction functions (fixed-strength, linear and Gaussian) and 
three resource-explicit interactions (elastic, inelastic and ‘fair’ ine-
lastic; the ‘resource-explicit reproduction variant’ uses the inelastic 
competitive interaction). Competition strength is used to calculate 
mortality. After mortality, the model moves to the next tick, starting 
again with mate selection. The panmictic model matches this core 
model, but with global competition and without dispersal.

3  |  RESULTS

Our research goal in designing this resource-explicit method was 
that the dynamics of the resulting model would closely match those 
of a comparable direct interaction model with a homogeneous land-
scape. In order to determine whether this goal was met, we con-
ducted several analyses measuring interaction strengths within each 
variant of the method. We then performed a series of tests meas-
uring the runtime of the variants over a range of population sizes, 
population densities and resource-node densities. Results shown 
here are for square-tiled models. Equivalent results for models with 
a hexagonal tiling and models with random node placement are de-
picted in the Supporting Information.

3.1  |  Dynamics of the resource-explicit models

The resource-explicit models replace direct competitive interac-
tions between individuals with indirect competition for resources at 
discrete nodes located across the landscape. The resulting indirect 
interaction function differs from commonly used direct interac-
tion functions in two qualitative ways. First, the indirect interaction 
function is discontinuous: as the distance between the two indi-
viduals increases, the number of nodes they share, and thus their 
interaction strength, decreases in discrete steps. Second, the indi-
rect interaction function is not position-invariant: Two individuals 
at a given distance may interact with a different strength depending 
on their specific positions on the landscape with respect to the re-
source nodes.

However, a quantitative assessment reveals that the effects of 
these qualitative differences on the interaction strengths in the 
resource-explicit models are minimal, with interaction strengths 
closely matching those calculated using the circle intersection in-
teraction function. To compare interaction strengths between 
methods, a pair of individuals was placed at random locations on a 
large landscape, and interaction strengths between the individuals 
were measured using the circle intersection function, the inelastic 
resource-explicit method and the elastic resource-explicit method. 

received(i) =
a

fi ×
∑

j∈C

1

fj

,
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    |  2323CHAMPER et al.

This was repeated 2 million times in each of nine separate resource-
node placement scenarios (hexagonal tiling, square tiling and random 
placement, each at a density of 12, 25 and 50 nodes per unit area). 
Individuals were not placed near the edges of the landscape in order 
to avoid the additional complications produced by edge dynamics 
(primarily, when modelled using the elastic interaction method, indi-
viduals near edges compete with more distant individuals than in the 
inelastic model or in a direct interaction model; see Figure 1, lower 
panels). Each interaction strength measured using the circle inter-
section function was then subtracted from the corresponding mea-
surement from each resource-explicit model to yield distributions 
of differences (Figure 3; hexagonally tiled and randomly distributed 
equivalents are depicted in Figures S4 and S5; see Figures S8–S13 
for a series of visualizations of interaction strengths in the resource-
explicit framework when using uniform tilings).

This analysis found that the variation in interaction strength in 
the resource-explicit models decreases as the density of resource 
nodes increases. Furthermore, variance in the elastic model was 
lower than in the inelastic model in some cases. Using either a square 
or hexagonal tiling (Figure  3; Figure  S4), the interaction strengths 
closely mirrored those calculated by the circle intersection function, 
with a standard deviation in interaction strengths of 0.018 or less at 
a density of 50 nodes per unit area, and as high as 0.056 at a den-
sity of 12 nodes per unit area. When resource nodes were randomly 
placed (Figure  S5), the standard deviation in interaction strengths 
was substantially higher, measuring 0.049 and 0.054 at a density of 

50 nodes per unit area in the elastic and inelastic models, respec-
tively, and 0.100–0.113 at a density of 12 nodes per unit area.

These distributions show that any given pairwise interaction 
strength in a resource-explicit model tends to be fairly close to the 
strength as calculated by the circle intersection function. However, 
each individual in a spatial model typically interacts with many other 
individuals. These stochastic differences further average out over all 
of the interactions that determine the overall level of competition 
experienced by each individual. To quantify potential differences 
in overall competition experienced by individuals in the resource-
explicit models, we conducted an additional analysis in which a pop-
ulation of 400,000 was simulated using the inelastic, ‘fair’ inelastic 
and elastic method at a density of 20 individuals per unit area. After 
the offspring generation step of the tenth tick of the simulation, 
the survival rates of the centremost 100,000 individuals were re-
corded (as before, only central individuals were selected in order to 
avoid distortion produced by different edge dynamics). The survival 
rates for each individual were then recalculated as would be done 
in a direct interaction model using the circle intersection function. 
The survival rates for each individual calculated by the circle inter-
section function were then subtracted from those calculated using 
the resource-explicit function to yield a distribution of differences 
in survival rates experienced by the individuals in the model. This 
distribution of differences in survival rate reveals that the resource-
explicit models match the circle intersection interaction function 
very closely (Figure  4; hexagonally tiled and randomly distributed 

F I G U R E  3  Differences in interaction 
strength between resource-explicit 
models and the circle intersection 
function, square-tiled: Two million 
pairwise interaction strengths between 
randomly placed individuals as measured 
by the circle intersection function 
were subtracted from those measured 
in resource-explicit models to yield a 
distribution of the deviation from the 
circle intersection function for each 
model. As node density increases, the 
standard deviation decreases. These 
distributions all have a distinctive peak 
just below 0 due to cases where pairs of 
individuals have a very small but non-
zero interaction strength when using the 
circle intersection function, but the small 
overlapping portion of their foraging areas 
does not include any resource nodes.
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2324  |    CHAMPER et al.

equivalents are depicted in Figures S6 and S7)—even more closely 
than the analysis that assessed pairwise interactions one at a time 
(Figure  3) indicates. At a density of 12 nodes per unit area, the 
standard deviation of the inelastic model was 0.018 using square 
tiling, 0.008 using hexagonal tiling and 0.058 using randomly placed 
nodes. However, the standard deviation of the ‘fair’ inelastic and the 
elastic model were much lower—no more than 0.002 in the regularly 
tiled models, though up to 0.034 in the model with randomly placed 
nodes.

In the inelastic model, individuals sometimes forage from slightly 
more or fewer nodes than their nominal foraging area, resulting in a 
reduced or increased mortality rate. This is the reason for the multi-
modal distribution in the inelastic models in Figure 4 (and Figures S6 
and S7). For example, the central peak in the lower left panel is the 
distribution of survival rates for individuals who foraged from 12 
nodes, while the peaks to the left and right of the central peak are 
the distributions of survival rates for individuals who foraged from 
11 and 13 nodes, respectively. In the uniformly tiled models, this 
phenomenon could be described as a repeating, microscale habitat 
quality gradient within each tile of the model (Figures S14–S19, de-
picting the exact number of nodes within interaction range of an 
individual at every position within a regularly tiled grid of nodes for 
three densities of square tiling and three densities of hexagonal til-
ing). In most cases, this variation in mortality rate can be disregarded 
as a negligible source of stochasticity subsumed within the stochas-
ticity of mortality determinations. In particular, the mortality rate of 

individuals varies slightly based on their positions, but their positions 
within the microscale habitat quality gradient are random, and the 
total number of survivors after mortality calculations in each time 
step will, in either case, reflect the amount of resources available 
across the landscape. However, this phenomenon may be more of 
an issue in sparse populations with small litter sizes. In such models, 
outcomes could be affected if a few individuals randomly experi-
ence premature mortality just because they happen to disperse into 
a particularly inhospitable microhabitat within a tile. For modelling 
such systems, the ‘fair’ variant which compensates for these effects 
(see Section  2) may be preferable because survival rates in this 
variant are almost identical to those in the elastic model (Figure 4; 
Figures S6 and S7).

3.2  |  Computational performance

To assess the runtime performance of each method, a series of 
simulations was conducted. For each model, 40 measurements of 
the elapsed runtime per tick were taken with each of two popula-
tion sizes (100,000 and 1 million individuals), at each of two levels 
of population density (20 and 200 individuals per unit area), and 
at each of three levels of resource-node density (a square tiling 
of 12, 25 and 50 nodes per unit area). This was a fully factorial 
experimental protocol in which each parameter was paired with 
every combination of the other parameters (Table 1; hexagonally 

F I G U R E  4  Differences in survival 
rate between resource-explicit models 
and a direct interaction model using the 
circle intersection function, square-tiled: 
The survival rates of 100,000 individuals 
were measured using the inelastic 
method, the ‘fair’ inelastic method, the 
elastic method and the circle intersection 
function. Strengths measured by the circle 
intersection function were subtracted 
from measurements made using the 
other resource-explicit methods for 
each individual to yield distributions of 
differences.
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    |  2325CHAMPER et al.

tiled and randomly distributed timings are depicted in Tables S1 
and S2). Simulations were performed on a desktop computer using 
an Intel i9-9900K CPU, on which only a single simulation was per-
formed at a time in order to keep conditions across simulations as 
consistent as possible. Absolute runtimes in other contexts will 
vary.

Memory usage of the models is not presented in detail here, 
but it was observed that the elastic models used up to three times 
as much memory as the direct interaction models, while the de-
fault inelastic model, the ‘fair’ variant and the ‘resource-explicit 
reproduction’ variant used 1.2, 1.4 and 1.7 times as much mem-
ory as the direct interaction models, respectively. Memory use 
of the models was not assessed as rigorously as runtime because 
the memory costs of spatial interactions will often be negligible 
compared to other memory requirements of the model, and it is 
usually only the peak amount of memory used by a model that 
matters, as that is the amount that will need to be reserved. For 
example, the memory requirements of most models that include 
simulated genetics will be dictated by the amount of memory re-
quired for that purpose.

A key finding of this analysis (Table 1) is that the resource-explicit 
models were minimally affected by the density of the population, 

unlike the direct interaction models (note that the colour bars have 
a different scale within each column). When simulating the higher 
density population, even the slowest of the resource-explicit meth-
ods significantly outperformed the fastest direct interaction spatial 
model (which, in all cases, was the ‘fixed strength’ model). When 
simulating a dense population of 1 million individuals, the ‘resource-
explicit reproduction’ variant of the inelastic model (the fastest 
resource-explicit model in this context) was up to 23 times faster 
than the fixed strength model. At lower density, the elastic resource-
explicit models ran at around the same speed as the fixed strength 
model, or in some cases even more slowly (particularly when node 
density was higher than carrying capacity density). The inelastic 
models were at least twice as fast as the elastic model, however, 
and were thus markedly faster than the fixed strength model even 
at lower density.

The reason that the runtimes for the resource-explicit mod-
els do not rapidly increase as density increases is that, given a 
specified population size, a higher density population entails a 
smaller landscape, and thus fewer resource nodes (each of which 
provides more resources). Thus, the overall amount of processing 
done remains roughly constant. As population density decreases, 
however, even the most efficient of the resource-explicit models 

TA B L E  1  Model runtimes, square tiled.

100k individuals
Runtime per tick (s)

1m individuals
Runtime per tick (s)

100k individuals
Runtime per tick (s)

1m individuals
Runtime per tick (s)

Panmictic NA 0.16 1.59 0.16 1.59

Fixed-strength NA 3.03 38.98 17.01 233.43

Linear NA 3.58 45.06 23.48 302.95

Gaussian NA 5.76 67.88 44.81 523.23

45.5102.152.997.021

04.7123.120.1169.052

99.0265.193.4182.105

07.7153.103.1179.021

19.1256.150.5182.152

58.9232.201.2219.105

92.0118.034.0149.021

17.4151.168.4143.152

79.2248.109.2230.205

57.0396.293.7234.221

05.1456.307.0425.352
50 5.87 65.35 5.55 65.22

Inelas�c

Inelas�c 'fair'

Inelas�c
'resource-explicit
reproduc�on'

Elas�c

Model Node
density

Low density (20 individuals per unit area) High density (200 individuals per unit area)

Note: Forty measurements of elapsed runtime per tick were collected and averaged for each method at each density and population size and at each 
of three node placement densities. For the resource-explicit models depicted in this table, a square tiling of nodes was used. Colour bars show the 
runtime of each model, on a different scale within each column, relative to the slowest runtime within that column.
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2326  |    CHAMPER et al.

would eventually perform more poorly than a model regulated by 
direct interactions (suggesting that the two approaches to model-
ling interactions might have a complementary set of use cases; see 
Section 4). The exact density at which this performance crossover 
occurs depends on the node density and whether competition is 
modelled as regulating mortality or fecundity (since that choice 
affects the size and density of the population when competitive 
interactions are evaluated).

Very little runtime difference was observed between the square 
and hexagonal tilings (Table  S1), while the models in which nodes 
were randomly distributed during each tick of the model ran at about 
the same speed at higher population density, but somewhat slower 
at lower population density (Table S2).

Comparing the inelastic model and its two variants, the ‘fair’ vari-
ant added only a modest amount to the runtime of the default inelas-
tic model. The ‘resource-explicit reproduction’ variant was slower 
than the default inelastic model at lower population density, but ran 
faster at higher density. This was therefore the fastest model in the 
simulations with higher density, whereas the default inelastic model 
was the fastest at lower density.

Finally, the panmictic model provides a baseline comparison that 
shows that the vast majority of the runtime of the other models was 
indeed spent handling spatial interactions. In models with complex 
genetics or other computational overhead, spatial calculations may 
account for a lower proportion of the total runtime. For such models, 
switching to a resource-explicit modelling approach would thus not 
yield as great a degree of relative speedup.

4  |  DISCUSSION

In this manuscript, we introduced a resource-explicit modelling ap-
proach in which the resources available to each individual are di-
rectly represented. Individuals therefore compete only indirectly 
with one another by interacting with the resources around them. 
This method comes with several advantages over commonly used di-
rect interaction spatial models, with runtime improvement arguably 
being the most salient. The resource-explicit approach will allow for 
the simulation of hitherto impractically large populations, while also 
allowing for studies of smaller populations to be conducted more 
quickly and efficiently. In addition to runtime advantages, there are 
a number of model features that can be easily and efficiently imple-
mented in a resource-explicit model, some of which are difficult to 
implement in direct interaction models. The following six examples 
provide an incomplete list of such features.

4.1  |  Heterogeneous landscapes and irregular area 
boundaries

The resource-explicit approach elegantly lends itself to the simu-
lation of competition on landscapes with heterogeneous resource 
availability. To accomplish this, nodes can simply be parameterized 

with different resource amounts depending on the local habitat 
quality in different areas of the landscape (which could be based 
on a pre-existing spatial map or determined using similar meth-
ods to those used to develop habitat suitability models (Donovan 
et al., 1987)). When an individual forages, the quality of the habitat 
in which it lives will thus be reflected in the amount of resources 
available in the nodes that make up its foraging area, without any ad-
ditional computational overhead or additional code (aside from the 
initial parameterization of the nodes). This holds even for individuals 
that abut irregular boundaries such as coastlines. For example, in a 
model of an island population of rats, individuals might be barred 
from dispersing into the ocean. Individuals near coastlines would 
tend to compete with fewer neighbours, but this should not result 
in such individuals having a higher survival rate (since there are not 
many resources available in the ocean for rats). In a direct interaction 
model, this could necessitate a computationally expensive edge-
effect correction, whereas in a resource-explicit framework, no ad-
ditional work would be necessary beyond specifying the amount of 
resources available at each node. If the modelled species were able 
to efficiently exploit offshore resources, this could be modelled by 
extending the placement of resource nodes some distance beyond 
the coastline, resulting in an increased density along the coastline. In 
this way, the resource-explicit method allows the presence and the 
strength of edge effects in the model to be tailored to the biology 
being simulated.

Modelling a heterogeneous landscape could be desirable for 
several reasons. First, outside of laboratory populations, most an-
imals live in habitat with at least some degree of variation. At the 
most basic level, this means that many species could be expected 
to exhibit population density variation in response to variation in 
habitat quality. Furthermore, heterogeneity in the abundance of 
available resources can directly affect animal behaviour (Burgett 
& Morse, 1974; Champer & Schlenoff, 2024; Doherty et al., 2019; 
SC Banks,  2007). This can include important behaviours such as 
whether an ant colony chooses to go to war with another colony, or 
whether bees swarm to form a new colony (Burgett & Morse, 1974; 
Champer & Schlenoff, 2024).

Using a random distribution of resource nodes has some nota-
ble applications in modelling heterogeneous landscapes. A model in 
which nodes are randomly placed at the beginning of the model and 
then not re-shuffled could be used to generate a new random het-
erogeneous landscape in each simulation. Alternatively, the version 
presented in this manuscript, in which nodes are shuffled each tick, 
could be used in conjunction with a landscape map to allow simula-
tions to run without any pre-calculation of resource-node positions 
or resource values. In such a model, the landscape map could control 
the resource values of randomly placed nodes based on their loca-
tions or could be used to implement a more complex node placement 
algorithm in which nodes are more likely to be placed in higher qual-
ity habitat, using a technique such as rejection sampling. However, 
grid placements of nodes with precalculated resource values may be 
preferred for performance reasons or to minimize variance in inter-
action strengths.
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    |  2327CHAMPER et al.

4.2  |  Multiple types of resources

Many species require different types of resources at different 
stages of life or need a different resource to reproduce than they 
normally forage on. Some examples include monarch butterflies, 
which can feed on nectar from many plants but only lay their eggs 
on milkweed, or mosquitos, which require water habitat resources 
as larvae, feed on nectar as adults, and only lay eggs after taking 
a blood meal (Champer et  al.,  2022; Eckhoff,  2011; Oberhauser 
et  al.,  2004). In a resource-explicit model, nodes can be param-
eterized with a separate value for each type of resources, allow-
ing for the simulation of complex life histories while adding little 
overhead to the model.

4.3  |  Interspecies competition

The resource-explicit modelling approach is convenient for imple-
menting models that include competition between multiple species. 
Each species in such a system need only interact with the resource 
nodes. By contrast, in direct interaction models, pairwise interac-
tions as between each species must be considered, resulting in 
quadratic growth in the complexity of the model. Predator–prey in-
teractions can also be defined in a resource-explicit manner, similar 
to the way in which the mate search interaction is defined in the 
‘resource-explicit reproduction’ model.

For example, a model might simulate competition between 
Pacific rats, black rats and brown rats. Individuals of these spe-
cies might compete for the same resources (at least partially and 
likely with different levels of efficiency). With a direct interaction 
approach, the pairwise interactions between individuals of each 
pair of species would have to be evaluated (including intraspecies 
interactions, for six differently defined interactions in total). A 
resource-explicit model would only need to include a specifica-
tion of how each of the three species interacts with the resources; 
the competitive effects within and between species would follow 
automatically.

Differently sized foraging areas for different species can be im-
plemented by setting different species to forage from different num-
bers of nodes in the elastic model or by setting a different foraging 
radius in the inelastic model. However, this will be most efficient 
when the size of the foraging areas of the species in the model is 
within roughly an order of magnitude of one another, to keep the 
number of nodes interacted with by each individual within reason-
able bounds.

4.4  |  Resource variability as a function of time

Resource-explicit models are also amenable to simulating variation 
in resource availability as a function of time, whether in the form 
of periodic variation (such as seasonality), random variation (such as 
tree masting) or long-term trajectories (such as changes caused by 

climate change) (King,  1983; Mantyka-Pringle et  al.,  2012; Pearse 
et al., 2016). To accomplish this, resource nodes can be replenished 
according to an appropriate function of time, rather than always re-
plenishing to a fixed value.

4.5  |  Species-induced habitat change

In addition to competing for resources, many species also have a di-
rect effect on the landscape in which they live. For example, many 
species of bacteria and yeast, such as the beloved Saccharomyces 
cerevisiae (brewer's yeast), ingest sugars and excrete ethanol 
(Shopska et al., 2022). As the concentration of alcohol increases and 
the availability of sugars decreases, the habitability and the resource 
availability of their environment both decrease. A resource-explicit 
modelling approach could allow for the spatial modelling of these 
processes by explicitly tracking the amount of sugar and alcohol 
at each resource node, enabling the elegant modelling of spatial 
environments such as Petri dishes. Some animals can also induce 
environmental changes that are helpful to themselves (‘niche con-
struction’) (Jones et al., 1994). A resource-explicit model could, for 
example, track the increasing abundance of fish in a pond after a 
beaver extends its dam by changing the resource values at corre-
sponding nodes and could even simulate the flooding of the land-
scape using elevation values associated with each resource node.

4.6  |  Imperfect resource regeneration rate

In many natural systems, groups of animals extract local resources 
much faster than those resources can replenish. For example, herds 
of grazing animals might eat grass in their local area much faster than 
it grows, but the animals survive by moving across the landscape, 
leaving previously exploited areas time to recover. Such dynamics 
can be implemented in a resource-explicit model by parameterizing 
nodes with an appropriate maximum value along with a regenera-
tion function. Such a model could be further enhanced by designing 
dispersal within the model to be influenced by resource availability 
such that individuals tend to disperse towards areas where resources 
are the most plentiful. Another enhancement could be made by in-
corporating a functional response by consumers to resource density 
by imposing a penalty on resource collection from low-quality areas 
or areas where resources have not been fully replenished, reflect-
ing the increased effort of finding food when it is sparse. This de-
sign would create a strong foundation for a highly detailed model of 
herd-animal behaviour.

4.7  |  Additional Extensions

To illustrate the possibilities for extending and modifying the basic 
resource-explicit approach, as discussed above, we provide three 
additional extensions in the Supporting Information. The first is a 
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variant of the elastic model that is optimized for infrequent disper-
sal (Additional Extensions part I in the Supporting Information). The 
second is a variant with a semi-fixed population size, which may be 
desirable for modellers seeking to construct spatial analogues of 
analytical models with fixed population sizes (Additional Extensions 
part II). The third is a scaled up demonstration model that simu-
lates a population of 10 million rodents on the South Island of New 
Zealand, including seasonality and a heterogeneous landscape, yet 
still achieves good performance (Additional Extensions part III).

5  |  CONCLUSIONS

In the big picture, the resource-explicit modelling approach is related 
to approaches used in several other fields that utilize spatial approxi-
mations or discretizations to increase performance. In computational 
fluid dynamics, fluids are treated as comprising many discrete cells, 
since the simulation of individual molecules is not tractable for most 
applications (Leer & Powell,  2010). In computational astrophysics, 
the Barnes–Hut method reduces the complexity of n-body simula-
tions from O(n2) to O(n log n) by using an octree data structure and 
then aggregating the interaction forces exerted by distant objects 
into a combined force vector (Barnes & Hut, 1986). As in these other 
fields, the resource-explicit approach entails some degree of ap-
proximation in order to achieve performance gains.

In the case of the resource-explicit approach, this approximation in-
volves exchanging a strict functional correspondence between distance 
and interaction strength for a system in which interaction strength 
has a distribution of possible values for a given distance between in-
dividuals (Figure  3). The circle-intersection interaction function can 
be biologically rationalized as reflecting resource-foraging behaviour, 
and the indirect interaction strengths in the resource-explicit models 
match the circle-intersection function quite closely. In many cases, the 
variation in pairwise interaction strengths is negligible—averaging out 
across the numerous interactions an individual experiences (Figure 4), 
or otherwise outweighed by the broader stochasticity of mortality in 
most individual-based models. In cases where minimizing the variation 
in interaction strengths is worth slower runtimes, a higher density of 
resource nodes can be used, whereas a lower density can be used when 
increased variation is a worthwhile trade-off for faster runtimes.

There are some scenarios in which the resource-explicit approach 
might not be the preferred choice. This approach emulates indirect 
competition between individuals mediated by shared resources. For 
systems where direct or ‘interference’ competition is more import-
ant, it may make more sense to simulate direct interactions between 
individuals, even at the price of longer runtimes. Furthermore, in 
systems with very low densities or small populations, a resource-
explicit model might run more slowly than a direct interaction model. 
However, runtimes are not the only consideration in model design, 
and the other properties and capabilities of resource-explicit models 
may prove desirable even at the cost of runtime speed when model-
ling sparse populations.

In many contexts, the resource-explicit methods presented here 
provide excellent performance and a high degree of flexibility. These 
methods enable spatial simulations of populations that are intrac-
tably large to model with direct individual–individual interactions 
and facilitate a highly efficient approach to implementing landscape 
heterogeneity and complex resource exploitation behaviours. We, 
therefore, believe that these new methods will prove an essential 
addition to the spatial modeller‘s toolkit.
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