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Abstract

Predictive models can improve the efficiency of wildlife management by guiding actions
at the local, landscape and regional scales. In recent decades, a vast range of mod-
elling techniques have been developed to predict species distributions and patterns
of population spread. However, data limitations often constrain the precision and bio-
logical realism of models, which make them less useful for supporting decision-making.
Complex models can also be challenging to evaluate, and the results are often difficult
to interpret for wildlife management practitioners. There is therefore a need to develop
techniques that are appropriately robust, but also accessible to a range of end users.
We developed a hybrid species distribution model that utilises commonly available
presence-only distribution data and minimal demographic information to predict the
spread of roe deer (Capreolus caprelous) in Great Britain. We take a novel approach to
representing the environment in the model by constraining the size of habitat patches
to the home-range area of an individual. Population dynamics are then simplified to a
set of generic rules describing patch occupancy. The model is constructed and evalu-
ated using data from a populated region (England and Scotland) and applied to predict
regional-scale patterns of spread in a novel region (Wales). It is used to forecast the rela-
tive timing of colonisation events and identify important areas for targeted surveillance
and management. The study demonstrates the utility of presence-only data for predict-
ing the spread of animal species and describes a method of reducing model complexity
while retaining important environmental detail and biological realism. Our modelling
approach provides a much-needed opportunity for users without specialist expertise in
computer coding to leverage limited data and make robust, easily interpretable predic-

tions of spread to inform proactive population management.
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Capreolus capreolus, hybrid model, mechanistic, population management, presence-only data,
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1 | INTRODUCTION

Understanding how characteristics of the environment influence
species distributions is a fundamental aim of spatial ecology (Elith
& Leathwick, 2009; Skidmore et al., 2011). Many terrestrial ani-
mal populations have altered their geographic ranges in response
to human activities (e.g. habitat modification, Wilson, Davies,
et al., 2009; Wilson, Dormontt, et al., 2009) and anthropogenic cli-
mate change (e.g. Dawe & Boutin, 2016). Shifts in animal distribu-
tions lead to novel biotic and abiotic interactions that may affect
ecosystem health and functioning (Pacifici et al., 2020; Pessarrodona
et al., 2019). Forecasting changes in species distributions and pre-
dicting the relative timing of colonisation events is therefore essen-
tial for effective conservation planning (Aben et al., 2016; Battini
et al., 2019; Fordham et al., 2013). Reliable predictions can be used
to distribute resources for surveillance and management efficiently
to vulnerable habitats and landscape features that benefit expansion
(e.g. habitat corridors, Akashi et al., 2016; Bottrill et al., 2008; Tilman
et al., 2017).

Species-environment relationships are commonly investigated
using correlative species distribution models, which empirically
relate species distributions to environmental variables, such as
precipitation or land use (Elith & Leathwick, 2009). For range-ex-
panding species, correlative models can provide robust predictions
of the spatial distribution of suitable habitats in novel areas (Elith
et al., 2010; Lake et al., 2020). However, the probability and timing
of population spread are likely to be influenced by a range of other
factors, such as demography, physiology, dispersal and species in-
teractions (Dormann et al., 2012). Mechanistic models can be used
to simulate these underlying ecological processes and investigate
the functional relationships between them and species distributions
(Kearney & Porter, 2009; McLane et al., 2011; Wallentin, 2017).
Combining correlative and mechanistic models (i.e. as in ‘coupled’
or ‘hybrid’ models, ‘hybrid’ models hereafter) improves the realism
of predictions and offers a powerful tool for predicting changes in
distribution over time (Buckley et al., 2010; Dormann et al., 2012;
Fordham et al., 2013). Hybrid models can be implemented using a
range of tools, such as MigClim (Engler et al., 2012), KISSMig (Nobis
& Normand, 2014) and demoniche (Nenzén et al., 2012). Typically,
the output from a correlative model (e.g. a raster map) is used to
represent the environment in simulations of population dynamics
and dispersal. This allows key parameters of simulations (e.g. local
carrying capacity) to be constrained by features of the modelled
environment (e.g. habitat suitability, Dormann et al., 2012; Singer
et al., 2018).

Environmental representation and model structure are im-
portant factors that influence the realism, data requirements
and complexity of hybrid models. Simulations are often based on
the representation of species as automata that populate a raster
grid of regular cells (‘grid-based’ models hereafter, Keshtkar &
Voigt, 2016; Louca et al., 2015). Grid-based models are concep-
tually simple, generally require minimal data to parameterise and
are computationally efficient to implement (Bian, 2003; McLane

etal, 2011). Although logistically convenient, they are usually best
suited to modelling plant species (Aben et al., 2016; Bian, 2007
Vuilleumier & Metzger, 2006). The fixed cell size of the raster
grid implies that ecological processes, such as survival, reproduc-
tion, emigration and dispersal, occur at the same scale, which is
unrealistic for most animal species (Bocedi, Zurell, et al., 2014;
Vuilleumier & Metzger, 2006; Wallentin, 2017). Representing the
environment as continuous space is also unsuitable for species
that show a preference for discrete habitat features (e.g. wood-
lands, Bian, 2003; McLane et al., 2011).

Alternatively, landscapes may be represented as a network of
patches (‘patch-based’ models hereafter). Generalising the con-
tinuous raster grid produced by a correlative model into a land-
scape of patches typically requires the application of a suitability
threshold. Neighbouring cells with suitability values at or above
this threshold are then aggregated to delineate discrete patches
of suitable habitat embedded in a matrix of less hospitable envi-
ronments (Berec, 2002; Bian, 2003). Patch-based models there-
fore offer a more realistic representation of the environment as
the units of the landscape (patches) reflect the geometry, distri-
bution and composition of natural features (Holland et al., 2007;
Vuilleumier & Metzger, 2006). Patches also facilitate modelling at
multiple spatial scales. For example, fine-scale movement between
patches during dispersal may be simulated as a correlated random
walk (e.g. Bocedi, Zurell, et al., 2014) using high-resolution raster
maps. Population dynamics may be simulated at the local scale of
the patch and patterns of population spread emerge at the land-
scape or regional scale (Austin & Van Niel, 2011; Bocedi, Palmer,
et al., 2014; Wallentin, 2017). However, the requirements of mod-
elling population dynamics can affect how patch-based landscapes
are represented, as patches typically need to be large enough
to accommodate multiple individuals (Berec, 2002; Cavanaugh
et al., 2014). Applying a size threshold eliminates patches that are
unable to sustain a sub-population, but these may form a network
of suitable habitats that contributes to the viability and spread of
the total population (Fahrig, 2020; Tulloch, Barnes, et al., 2016).
Therefore, inaccurate representation of the environment at the
landscape scale can affect model predictions at the broader re-
gional scale (Bian, 2007; Bocedi et al., 2012).

Currently, there are limited tools available to implement concep-
tually simple hybrid models (e.g. KISSMig, Nobis & Normand, 2014)
that utilise patch-based environments. Parameterising hybrid mod-
els and achieving a balance between complexity and biological re-
alism can also be challenging. Estimating patterns of colonisation
and extinction through explicit simulation of population dynamics
typically requires detailed demographic information, such as sur-
vival rates, fecundity, carrying capacity, emigration rates and sex ra-
tios, which are unavailable for many species (Dormann et al., 2012;
Kearney & Porter, 2009; Thuiller et al., 2013). Interpreting such
complex models presents a further challenge for wildlife managers
as they generally cannot be evaluated using conventional statisti-
cal methods (O'Sullivan et al., 2016; Wallentin, 2017). For practical
applications, there is a need for less data-intensive models that are
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biologically realistic but also simple enough to be interpreted and
used effectively (Addison et al., 2013; Tulloch, Sutcliffe, et al., 2016).

The expansion of the roe deer (Capreolus capreolus) population
in Wales, UK provides a good example of a wildlife management
scenario that can be informed by predictive modelling. Although
native to Britain, the numbers and geographic range of roe deer
have expanded rapidly over recent decades due to reduced persecu-
tion, afforestation and the absence of natural predators (Apollonio
et al., 2010; Linnell et al., 2020; Ward, 2005). While expansion may
be seen as a conservation success, the potential effects of roe deer
on sensitive habitats (e.g. ancient woodland) are a cause for con-
cern (Gill & Morgan, 2010; Linnell et al., 2020). Browsing by roe
deer has been shown to impede tree growth (Bergquist et al., 2009;
Kay, 1993) and natural regeneration (Cutini et al., 2011; Petersson
et al.,, 2019), reduce ground flora biodiversity (Kirkby, 2001) and
quality of woodland habitat for bird species (Gill & Fuller, 2007) as
well as cause damage to agricultural crops (Kjgstvedt et al., 1998;
Putman, 1986). Roe deer are abundant throughout most of England
and Scotland and are beginning to recolonize parts of Wales (Croft
et al., 2019; Ward, 2005). Predictions of population spread in Wales
are needed to guide surveillance and inform proactive mitigation
efforts.

We aim to address this need by developing a hybrid species
distribution model that can be parameterised and evaluated using
data commonly available to wildlife management practitioners. We
demonstrate our approach using opportunistically collected pres-
ence-only distribution data for roe deer in mainland Great Britain.
Records of species occurrences in a populated region (England and
Scotland) are used to produce a habitat suitability map from a cor-
relative species distribution model. This map is then generalised to
represent the environment in a hybrid model as a landscape of small
patches, based on the home-range area of an individual (an ‘individ-
ual-sized patch’). Basic demographic and dispersal information are
used in simulations to predict regional-scale patterns of population
spread as a function of the size, quality and connectivity of individ-
ual-sized patches. The hybrid model is first evaluated using observa-
tions of historical distribution change in England and Scotland and
then applied to predict the population spread of roe deer in a novel
region, Wales.

To be an effective tool for management, it was important that
our model outputs were easily interpretable by practitioners and
produced at a fine enough spatial resolution to identify potentially
vulnerable landscape features (e.g. individual woodlands). Achieving
temporal accuracy was considered less critical, as predicting the
relative timing of colonisation events (e.g. region X is likely to be
colonised before region Y) would be sufficient to set management
priorities (e.g. targeted surveillance in region X). The objectives
were to (1) evaluate the efficacy of representing the environment as
a landscape of individual-sized patches to predict patterns of pop-
ulation spread, (2) test different methods of generalising a habitat
suitability map into individual-sized patches, (3) predict the suitabil-
ity of habitat and potential future range of the roe deer population
in Wales and (4) predict the relative timing of colonisation events
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for roe deer in Wales, assuming the population realises its potential

range.

2 | METHODS
2.1 | Studyarea

The study area covered mainland Great Britain (218,819km2), di-
vided into two regions: England and Scotland (198,569 km?), where
roe deer populations are well established and Wales (20,250km?),
where numbers are much lower (Figure 1). Evaluation of the hybrid
models was achieved using occurrence data from an area within the
England and Scotland region where the expansion of roe deer has
been observed from 1960 to 2016, defined as the historic area of
expansion (HAE, 60,349 km2, Figure 1).

2.2 | Modelling approach

Our method consisted of five steps: (Step 1) habitat suitability was
estimated from a populated region (England and Scotland) using a
correlative species distribution model, (Step 2) the resultant habitat
suitability map (HSM) was generalised into a landscape of individual-

sized patches to represent the environment in a hybrid model, (Step

N

A

A\

Wales

I
7 TRy

Historic area of
expansion (HAE)
0 250 km

e — |

FIGURE 1 Map of the study area (mainland Great Britain)
showing the boundaries of the two regions defined for the analyses
and the historic area of expansion (HAE) within the England and
Scotland region that was used for evaluation of the hybrid models.
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3) demographic parameters were simplified to simulate patch occu-
pancy for multiple time steps, (Step 4) model evaluation was per-
formed using historic distribution data and (Step 5) the model was
applied to a novel region (Wales). Predictions of population spread
were based on simulations made using a mechanistic modelling plat-
form, RangeShifter (Bocedi, Palmer, et al., 2014). RangeShifter was
chosen because it is versatile, freely available and does not require
any expertise in computer coding to parameterise. Furthermore, it is
possible in RangeShifter to incorporate environmental information
using multiple independent layers that describe: patch geometry and
distribution, patch quality/composition and landscape-associated
costs of moving between patches (Bocedi, Palmer, et al., 2014). In
our approach, these layers were derived from the correlative model,

as described in the following sections.

2.21 | Step 1. Estimating habitat suitability

Habitat suitability was estimated using a Maximum Entropy (MaxEnt)
model implemented with the ‘dismo’ package (Hijmans et al., 2017)
in R (R Core Development Team, 2019). The model was trained and
tested with environmental and roe deer occurrence data from the
populated England and Scotland regions (MaxEnt version 3.4.0;
Phillips et al., 2017).

Occurrence data

Data on roe deer sightings were taken for the period 1953-2016
from the National Biodiversity Network Gateway (www.nbnat
las.org) and regional wildlife trusts in Wales (Appendix S1) during
December 2016. These were characteristic of presence-only data
as they were collected from a range of sources (e.g. the general pub-
lic) and the sampling effort was indeterminable. Only occurrence
records with a locational precision of 100m were considered for
analysis (England and Scotland, n=3843). The records from Wales
(hn=37) were used for the evaluation of model performance in the
Wales region only.

Environmental data

Environmental data were obtained for variables relating to land
cover (UK Centre for Ecology and Hydrology's Land Cover Map
2015; www.ceh.ac.uk/services/land-cover-map-2015, 25m resolu-
tion), roads (Ordnance Survey (OS) Meridian™ 2; www.ordnancesu
rvey.co.uk, 10 m resolution), terrain (OS Terrain 50, 50 m resolution)
and climate (Worldclim version 1; http://www.worldclim.org/, 1km
resolution). Environmental data were resampled to 100 m cell rasters
to predict habitat suitability at a fine resolution, which was neces-
sary for delineating irregularly shaped individual-sized patches in the
subsequent hybrid model (Appendix S1). The final model included
six variables that were selected from a candidate list of 33 variables
through a stepwise process of a priori selection, collinearity analysis
and complexity optimisation (Appendix S1). These comprised three
distance metrics: distance to nearest woodland (woodland distance),
non-woodland forage (forage distance) and urban areas (urban

distance) as well as two variables based on the proportion of land
cover within a 500 m radius (woodland cover and forage cover) and
a categorical variable for land cover type (land cover, Appendix S1).
Roe deer are known to occasionally occupy small green spaces in
predominantly urban areas (Ciach & Fréhlich, 2019). Therefore, we
used both categorical and proportional variables to include land
cover information at the location where the species was recorded as

well as the proportion of land cover within the local vicinity.

MaxEnt model parameterisation and validation

A fishnet grid of 10x10km cells was created for each region.
Background points for the development and validation of the
MaxEnt model were only created within cells that intersected
presence locations (England and Scotland; n=908, Wales; n=32,
Appendix S1). The MaxEnt default of 10,000 background points was
used for Wales (3.4 points/km2) and 100,000 points were used for
England and Scotland (1.2 points/km?). Linear, quadratic, hinge and
product feature classes were used as well as the default value of 1.0
for the regularisation multiplier (Appendix S1).

An n-1 cross-validation technique was used to validate the
MaxEnt model and to compare predictive performance between the
populated and novel regions. The n-1 method trains a model on all
data points (England and Scotland: n=3843; Wales: n=37) but one,
then evaluates the model on that point and repeats until all points
have been evaluated (Cawley & Talbot, 2003; Hijmans, 2012). Model
performance was estimated based on the ability to correctly rank
presences in the test data set higher than background points, as
given by the mean area under the receiver-operating-characteris-
tic curve (AUC). The AUC is a standard measure of goodness of fit
that yields a value between 0.5 and 1, where 0.5 suggests the model
performs no better than random and 1 indicates perfect prediction
(Pearce & Ferrier, 2000). Values above 0.7 are generally considered
an indication of good model fit (Hijmans, 2012). The use of the AUC
metric to evaluate the performance of correlative models has been
criticised (Jiménez-Valverde, 2012; Lobo et al., 2008). However,
we feel that its use in this study was appropriate as it facilitated a
direct comparison of performance with previous studies (Acevedo
et al., 2010; Croft et al., 2017, 2019) that were carried out for the
same species and over the same spatial extent. Variable importance
was assessed using a jackknife test, which measured the increase in
regularised training gain when each variable was used in isolation
and the decrease in gain when the variable was excluded from the
full model (Phillips & Dudik, 2008). The relative contribution of each
variable to the model was also estimated based on permutation im-
portance, which is one of the metrics reported in the MaxEnt model
output (Hijmans et al., 2017; Phillips & Dudik, 2008).

2.2.2 | Step 2. Generalising the habitat
suitability map

There is currently no consensus on the most effective method
of delineating patches from a habitat suitability map (HSM).
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We therefore evaluated four methods: (1) Grid, (2) Voronoi, (3)
Contiguity and (4) Voronoi-Contiguity (Vor-Con) within the Historic
Area of Expansion (HAE, Figure 1). The same key steps were used
in each method: definition of patch boundaries (P), summarisation
of the cell values within patches (S) and the application of a suita-
bility threshold to eliminate patches or cells considered unsuitable
(T, Figure 2). Applying a suitability threshold is required to convert
cells of the HSM from continuous (i.e. low to high suitability) to
binary (i.e. suitable/not suitable) values for patch delineation. A
value of 0.56 was chosen as it maximised the sum of sensitivity
and specificity in the MaxEnt model (Liu et al., 2005, 2016). The
home range area of roe deer was assumed to be 0.06-1.5km? with
an approximate average of 1km? (Coulon et al., 2008; Le Corre
et al., 2008; Martin et al., 2018). Roe deer are generally solitary,
males are territorial and both sexes demonstrate high home-range
fidelity (José & Lovari, 2010; Linnell & Andersen, 1998; Lovari
et al., 2017). We therefore chose to delineate patches based on the
home range area because it is biologically meaningful and appro-
priate for identifying relevant landscape features for management

(e.g. individual woodlands).

Grid

The Grid method effectively resampled the HSM at a coarser resolu-
tion. A fishnet grid of 1km? cells was created for the extent of the
HSM and the mean value of HSM cells within grid cells was calcu-
lated. Grid cells with a mean suitability below the threshold were

removed (Figure 2, row Grid).
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Voronoi

The Voronoi method used polygons to define patch bounda-
ries, which were irregular polygons based on Voronoi tessella-
tions (Holland et al., 2007). Point features were distributed across
the extent of the HSM at an approximate density of 1 point/km?
(n=60,350). Studies have shown that roe deer home ranges gener-
ally decrease with increasing population density and habitat qual-
ity (Kjellander et al., 2004; Said et al., 2009). To reflect this, points
were distributed according to the probability distribution described
by the HSM, which biased their location towards more suitable habi-
tat (‘Create Spatially Balanced Points’ tool in ArcGIS, ESRI ArcMap
Version 10.4.1). Therefore, point-density increased and patch-size
decreased in relation to habitat suitability. A minimum distance of
150m between points was used, which equalled the approximate
radius of the lower limit of the home-range area (0.06 kmz). Voronoi
polygons were created to define the geometry of patches (‘Create
Thiessen Polygons’ tool in ArcGIS, ESRI ArcMap Version 10.4.1).
Polygons were converted from a vector to a raster and then back to
a vector to ensure patch boundaries aligned with cells of the HSM.
The mean value of cells within patches was calculated and patches
with a mean suitability below the threshold were removed (Figure 2,

row Voronoi).

Contiguity
HSM cells with suitability values below the threshold were removed.
Suitable cells that neighboured other suitable cells in any of the eight

cardinal directions were considered part of the same patch (Figure 2,

Habitat

Grid [Py

suitability

Voronoi ¥

Unique patch
identifier

Contiguity [*:
i

Patch boundaries
defined

3
Vor-Con

Cell values within
patches summarised

Application of a
suitability threshold

(cells or patches below the
threshold are excluded)

FIGURE 2 Stages of habitat suitability map (HSM) generalisation. Rows represent four generalisation methods used: Grid, Voronoi,
Contiguity and Voronoi-Contiguity (Vor-Con). Columns denote stages in the generalisation process (see text for details). Common to

all methods are stages (1) the original HSM, (5) the mean suitability of patches and (6) unique identifiers assigned to each patch. Key
characteristics of the generalised map include (P) the definition of patch boundaries, (S) the summarisation of cell values within patches

(i.e. calculating mean suitability) and (T) application of a suitability threshold to convert the HSM from continuous (i.e. low to high) to

binary (i.e. suitable/not suitable) values. These characteristics may be defined at different developmental stages depending on the
generalisation method used. Grey panels indicate the absence of a stage and are included for a more intuitive comparison of results at similar
developmental stages across the four methods. Row Vor-Con, column 3: red patches were divided using Voronoi polygons and green patches

were unmodified.
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panel c). Patches smaller than the lower limit of the home-range area
(0.06km?) were removed and the mean value of cells within the
remaining patches was calculated (Figure 2, row Contiguity). This
method produced patches that were larger than the upper limit of
the home-range area (1.5 km?). It was presented to demonstrate the
importance of patch size in the case study and to illustrate the con-

ceptual basis of the Vor-Con method.

Voronoi-Contiguity (Vor-Con)
The Vor-Con method included stages of both the Voronoi and
Contiguity methods. Patches were created using the Contiguity
method and grouped into the following classes based on the ob-
served limits of the home-range area: small (<O.06km2), medium
(0.06-1km?) and large (>1km?). Small patches were removed and
medium patches were not modified. Large patches were divided into
smaller patches using Voronoi polygons following the same proce-
dure as the Voronoi method. Point features were created at an ap-
proximate density of 1 point per km? (n=11,146). The points were
distributed according to the probability distribution described by the
HSM, using only the cells within the boundaries of large patches.
Voronoi polygons were created and converted from a vector to a
raster and then back to a vector to ensure patch boundaries aligned
with cells of the HSM. The mean value of cells within patches was
calculated (Figure 2, row Vor-Con).

Suitability values in the generalised maps (Figure 2, column 5)
were scaled by multiplying by 100 and rounding to integers as a for-
matting requirement of the RangeShifter software. Patches were

also assigned a unique identification number (Figure 2, column 6).

2.2.3 | Step 3. Simulating patch occupancy

Parameterising the hybrid model

The RangeShifter platform was designed to use extensive demo-
graphic information (survival rates, fecundity, maximum age, etc.)
to simulate range expansions as a function of stochastic interac-
tions between individuals and the environment (Bocedi, Palmer,
et al., 2014). However, in this study, we simplified the modelling of
population dynamics in RangeShifter to reduce data requirements.
Demographic parameters were standardised and constrained by
density dependence acting at the patch level so that emigration
and immigration rates were dependent on patch size and quality.
Regional-scale patterns of population spread therefore emerged
solely as a function of the size, quality and connectivity of individ-

ual-sized patches.

Simplifying population dynamics

The hybrid model was structured as follows: (i) occupied patches
produced a number of dispersers proportional to patch size and
quality, (ii) dispersers interacted with the landscape to transfer be-
tween patches and (iii) dispersers settled in patches occupied below
carrying capacity. This was implemented in RangeShifter as an asex-
ual stage-structured population model based on a Leslie transition

matrix (Bocedi, Palmer, et al., 2014). Three stage classes were con-
sidered: juveniles (<1year old), dispersers (1 year old) and adults
(22years old). All surviving individuals develop to the next stage
class and only adults are able to reproduce. The following transition
matrix (derived from Bocedi, Palmer, et al., 2014) was applied:

0O 0 @
S5 0 0 |
0 Sy Sa

where fecundity ® and the survival probabilities of juveniles Sj, dis-
perses Sy and adults Sa were set to a standardised value of 1. The max-
imum age of adults was set to 1000, so that occupied patches were
likely to remain occupied throughout the simulation (i.e. the probabil-
ity of local population extinction was close to 0). Density dependence
acted on survival and fecundity and was implemented in RangeShifter
as an exponential decay:

X = Xjo e N, (1)

where Xx; is a parameter for survival or fecundity, x;q is the maximum
value of the parameter at low densities, b is the strength of density de-
pendence and N; is the total number of individuals in the local population
at time t (derived from Bocedi, Palmer, et al., 2014, RangeShifter user
manual). The strength of density dependence coefficient, 1/b, was also
set to a standardised value of 1.0. Habitat suitability was assumed to be
constant during the simulation period and linearly related to carrying ca-
pacity. Using standardised parameter values (Table 1) and incorporating
density dependence in the hybrid model established a relatively simple
set of rules for determining patch occupancy. The model assumes that
over time more dispersers are likely to emerge from, and settle in, larger,

more suitable patches than smaller, less suitable patches.

Dispersal

Dispersal between patches was modelled as three discrete phases
of emigration, transfer and settlement. All juveniles that survived
and developed into dispersers, emigrated from their natal patch.
Movement during the transfer phase was modelled at the finer
scale (0.01 km2) of the scaled HSM using the embedded Stochastic
Movement Simulator (SMS). The SMS simulated movement as a
series of discrete nearest-neighbour steps across a cost surface,
similar to the Least Cost Path (Bocedi, Palmer, et al., 2014; Palmer
et al., 2011). The cost surface was derived by inverting the scaled
HSM using the formula: 100 - values of the scaled HSM (‘Raster
calculator’ tool in ArcGIS, ESRI ArcMap Version 10.4.1), which
assumed movement costs were inversely related to habitat suit-
ability. Dispersers would therefore be less likely to move through
low-quality habitat.

The transfer phase was influenced by parameters describing the
maximum number of steps, the perceptual range (PR) of the species
and their tendency to follow a correlated random walk, defined as
directional persistence (DP, Table 1). The perceptual range was es-
timated to be 400m from habitat selection studies based on global
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TABLE 1 Summary of parameters used in the RangeShifter (Bocedi, Palmer, et al., 2014) model.

Model parameter Symbol Estimate
Population dynamics Strength of density dependence coefficient (1/b) 1.0
Stage classes (minimum age) Juveniles (0)
Dispersers (1)
Adults (2)
Maximum age (years) 1000
Probability of reproduction 1.0
Fecundity? (0] 1.0
Survival rates?
Juveniles Sj 1.0
Dispersers Sy 1.0
Adults Sa 1.0
Dispersal Emigration probability Dy 1.0
Movement parameters
Perceptual range PR 400m
Directional persistence DP 5
Settlement probability
Slope (a) Ps -100
Inflexion point () 1.0
Maximum number of steps (Euclidean distance) 200

#Parameters constrained by density dependence.

positioning system (GPS) telemetry data (Coulon et al.,, 2008). A
value of five was used for directional persistence simulating a mod-
erate tendency for the animal to follow correlated paths within the
landscape. Dispersers could move a maximum of 200 steps which
equates to a Euclidean distance of 20km (Debeffe et al., 2013;
Wabhlstrom & Liberg, 1995).

Estimating patch occupancy

Distribution data from 1960 to 2016 within the HAE (Figure 3)
were divided into five 10-year periods (1960-2009) and one 7-year
period (2010-2016), described as Observed Timesteps (ObsTS1-
ObsTSé6). Simulations were initialized with the species occupying
patches within a 10km radius buffer around the centre of the
observed range at ObsTS1 (Figure 3; see Appendix S2 for initiali-
zation parameters). A total of 10 simulations were run for a suffi-
cient time to achieve complete occupation of all available patches,
which was estimated from preliminary trials. In each simulation,
patch occupancy (1=occupied, 0=not occupied) was estimated at
six regular time intervals, defined as Simulated Timesteps (SimTS1-
SimTS6). Mean patch occupancy at each SimTS was calculated as
the mean occupancy from the 10 simulations. A threshold value for
mean patch occupancy of 0.7 was applied (i.e. patches predicted
to be occupied in 7 out of 10 simulations were considered occu-
pied). Application of a threshold was necessary to convert mean
patch occupancy from continuous (i.e. O to 1) to binary (i.e. 0=not
occupied, 1 =occupied) values. Cells of the 10 x 10km grid that in-
tersected occupied patches defined the simulated species range
at each SimTS.

2.24 | Step4.Model evaluation

Performance of the hybrid models was assessed based on the abil-
ity to recreate observed patterns of historic population spread.
A 10x10km grid of regular cells was created for the HAE, which
defined the regional scale of model evaluation. Minimum convex
polygons (Meyer et al., 2017) were constructed around presences
at each timestep in ArcGIS (ESRI ArcMap Version 10.4.1). Grid cells
that intersected polygons were used to define the observed species
range (ObsRange, Figure 3a). Although convenient, this method is
prone to overestimating the species range by including areas of un-
suitable habitat (Burgman & Fox, 2003). We therefore also identified
presence locations within the observed range for a more compre-
hensive evaluation of model performance. Grid cells within the spe-
cies range at each timestep that intersected presences were defined
as ‘ObsPresences’ (Figure 3b).

Model performance was assessed by comparing the simulated
species range to ObsRange and ObsPresences at matching time-
steps (e.g. SimTS1/0ObsTS1) and calculating the True Skill Statistic
(TSS, Allouche et al., 2006), which is the sum of model sensitivity (the
proportion of predicted presences that were correct), and specificity
(the proportion of predicted absences that were correct), minus one.
The TSS ranges from -1 to 1, and good predictive performance is in-
dicated by values >0.4 (Allouche et al., 2006; Eskildsen et al., 2013;
Landis & Koch, 1977). Overall model performance was based on the
mean of the TSS values from the six timesteps for ObsRange and
ObsPresences. Finally, a sensitivity analysis was performed to assess
the impact of the three user-defined parameters (perceptual range,
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FIGURE 3 Patterns of observed roe deer (Capreolus capreolus)
range expansion in the historic area of expansion (HAE) across six
timesteps (ObsTS) from 1960 to 2016 used to evaluate the hybrid
models, described as (a) ObsRange: the observed range estimated
from minimum convex polygons created around presences and (b)
ObsPresences: presence locations within the observed range. Inset:
location of the HAE in Great Britain.

directional persistence and maximum number of steps, varied by

+10%) on the simulated species ranges.

2.2.5 | Step 5. Applying the model to a novel region

Estimates of habitat suitability in Wales were projected from the
England and Scotland region using the same set of environmental
variables. All values for environmental variables in the Wales re-
gion were within the limits of the England and Scotland regions.
The projected HSM for Wales was generalised into a landscape
of individual-sized patches using the Vor-Con method. It was also
inverted to be used as a cost surface in the hybrid model using
the formula described above (see ‘Dispersal’ section of Step 3).
A 10x10km grid was created for Wales. The hybrid model was
parameterised with the same parameter set used for the popu-
lated region and initialised with the species occupying patches
within grid cells that intersected observations of species presence
(Appendix S2). Patch occupancy was estimated at 10 simulated
timesteps (SimTS1-SimTS10).

3 | RESULTS
3.1 | Habitat suitability

Figure 4 shows the predicted suitability of habitat for roe deer in
England and Scotland (Figure 4a) and Wales (Figure 4c). The area
under the receiver-operating characteristic curve (AUC) values
from n-1 cross-validation indicated that the correlative MaxEnt
model performed well (AUC>0.7) in both England and Scotland
(0.72+0.26, mean+standard deviation) and Wales (0.76 +£0.25)
regions. Three variables: woodland distance, land cover and wood-
land cover achieved the highest regularised training gain when iso-
lated in the jackknife test (Figure 5) and had a combined relative
contribution of 84.5% to the full model (Table 2). Forage distance,
forage cover and urban distance provided minimal gain (Figure 5)
and collectively contributed 15.5% (Table 2). Results from omitting
each variable showed that urban distance and woodland distance
contained the most information not contained in the other vari-
ables (Figure 5).

3.2 | Model performance in the
historic area of expansion

All the hybrid models performed well in recreating patterns of
population spread from the historic area of expansion (HAE), as in-
dicated by mean TSS values >0.4 when simulations were compared
to the observed species range (ObsRange) and to the distribution
of species presences (ObsPresences, Table 3). The observed pat-
terns of population spread in the HAE were most accurately pre-
dicted using the Vor-Con method (Table 3). The Grid and Voronoi
methods also achieved good spatial agreement between observed
and simulated ranges (Table 3). The Contiguity method was the
least accurate with the lowest TSS values in all of the analyses
(Table 3). A visual inspection of model outputs indicated that the
Contiguity method overestimated the species range and showed
lower-than-average sensitivity values (a higher proportion of false
presences, Appendix S2). The performance of all models decreased
over time (Figure 6), which was an expected result of the method
used for model evaluation (see Section 4 and Appendix S2 for more
information). Predictions of the species range using the highest-
performing (Vor-Con) method (Figure 7) were insensitive to varia-
tion in any of the three user-defined parameters (perceptual range,
directional persistence and maximum number of steps, varied by
+10%; Appendix S2).

3.3 | Range expansion in Wales
Suitable habitat patches (suitability 20.56) covered approximately

26% (5268km?) of the total area. The population is predicted to
spread through the centre of Wales, initially progressing from east
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FIGURE 4 Predicted suitability of
habitat for roe deer (Capreolus capreolus)
from the MaxEnt model in (a) England and
Scotland and (c) Wales. Maps (b) and (d)
show the locations of observed presences
in England and Scotland (n=3843) and
Wales (n=237), respectively (for data
sources, see Appendix S1). Inset maps
show the locations of each region in Great
Britain.
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FIGURE 5 Importance of environmental variables to the predictions of habitat suitability derived from the best-performing MaxEnt
model for England and Scotland assessed using a jackknife test (Elith et al., 2006).

to west. The range front is estimated to advance in the northern 4 | DISCUSSION

half of Wales towards the northeast and in the southern half of the

country towards the southwest (Figure 8, 1-4). Once the population We developed a hybrid species distribution model to predict re-
reaches the southern coastline, expansion is predicted to gradually gional-scale patterns of population spread for an animal species

continue west (Figure 8, 5-10).

from limited distribution and demographic data. A correlative,
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MaxEnt model (Phillips et al., 2017) was constructed using pres-
ence-only occurrence data for roe deer in mainland Great Britain.
The model estimated the suitability of habitat from a populated
region (England and Scotland) and predicted the potential future
range of the population in a novel region (Wales). The habitat suit-
ability map was then generalised into a landscape of individual-
sized patches using a range of methods and used to represent the
environment in a hybrid model to make dynamic predictions of
population spread. The hybrid model was evaluated against his-
torical species distribution changes and applied to predict the spa-
tial patterns and relative timing of colonisation events of roe deer
in Wales.

4.1 | Habitat suitability

The results from the n-1 cross-validation showed that the
MaxEnt model performed well in both the populated and novel
regions. The area under the receiver operating curve (AUC) val-
ues attained in this study are similar to those reported from
previous studies of roe deer in the UK by Acevedo et al. (2010)
(0.85), Croft et al. (2017) (0.64) and Croft et al. (2019) (0.9).
Furthermore, our correlative model was validated to a spatial
resolution (0.01 km?) that is a 100 times finer than that used by

TABLE 2 Relative contribution based on permutation
importance of environmental variables in the best-performing
MaxEnt habitat suitability model for roe deer (Capreolus capreolus)
in England and Scotland.

Relative

Environmental variable contribution (%)

Woodland distance 73.8
Urban distance 11.8
Land cover 8.5
Forage cover 3.7
Woodland cover 2.2
Forage distance 0.1

True skill statistic

Croft et al. (2017) (1km?) and 10,000 times finer than Acevedo
et al. (2010) and Croft et al. (2019) (100km?). The high resolu-
tion of the output was critical to subsequent modelling stages,
as it allowed the suitability map to be generalised into a land-
scape of patches based on the home range area of an individual
roe deer. This captured structural details of the landscape, such
as the size, distribution and geometry of habitat patches, that
are important in shaping patterns of population spread (Wilson
et al., 2010; Wilson, Davies, et al., 2009; Wilson, Dormontt,
et al., 2009). Estimating habitat suitability also provided insights
into the species-environment relationship that was essential in
characterising the environment for the roe deer, a generalist
species, whose distribution is known to be influenced by a range
of habitat types (Croft et al., 2019; Jepsen & Topping, 2004;
Kilheffer & Underwood, 2018).

4.2 | Hybrid model performance

We evaluated the hybrid models and tested four methods of
generalising the habitat suitability map from the MaxEnt model
using historic distribution data. The approach is similar to Singer
et al. (2018) but uses presence-only rather than presence/
absence data, which was simple to implement and relatively
straightforward to interpret. The Grid and Voronoi methods per-
formed well and achieved a high level of spatial agreement be-
tween simulated and observed ranges. In both methods, patch
geometry was pre-defined, as in traditional grid-based models
(Bian, 2003; McLane et al., 2011). For the Contiguity and Vor-
Con methods, a suitability threshold was applied to the HSM as
the first step, which retained the natural geometry of landscape
features (Girvetz & Greco, 2007). The model based on the Vor-
Con method achieved the best performance of the four methods,
whereas the model based on the Contiguity method showed the
worst performance. As the only technique that did not constrain
patches to the size of an individual home range, the poor perfor-
mance of the Contiguity method is likely due to a phenomenon

known as the ‘mega patch problem’ (Cavanaugh et al., 2014).

TABLE 3 Evaluation results for the
hybrid models showing the spatial

Comparator Generalisation method Mean SD

ObsRange Grid 0.65 0.25
Voronoi 0.67 0.20
Contiguity 0.56 0.15
Vor-Con 0.74 0.11

ObsPresences Grid 0.57 0.25
Voronoi 0.57 0.24
Contiguity 0.44 0.16
Vor-Con 0.60 0.20

Min. Max. agreement (True Skill Statistic, Allouche
et al., 2006) between the simulated

0.27 0.88 range and (i) the observed species range

0.35 0.88 (ObsRange) and (ii) the distribution of

0.42 0.84 presences within the observed range
(ObsPresences) at six timesteps (ObsTS)

0.58 0.87

for roe deer (Capreolus capreolus) in the
0.28 0.86 historic area of expansion (HAE) from
0.28 0.86 1960 to 2016.
0.35 0.77
0.37 0.86

Note: Bold text indicates the highest-performing model. Values given are the mean, standard
deviation (SD), minimum (Min.) and maximum (Max.) TSS scores across the six timesteps.
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FIGURE 6 Results for the hybrid (a)
models showing the spatial agreement 10
(True Skill Statistic, Allouche et al., 2006)
between the simulated range and (a) the
observed species range (ObsRange) and
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This issue arises because, when a patch is occupied, individuals
within that patch are effectively omnipresent and so instanta-
neously traverse the length of the patch, which can result in an
overestimation of spread through larger patches. This issue was
resolved in the Vor-Con method by the division of large patches
using Voronoi polygons. Although a variety of patch-delineation
models are available (e.g. Cavanaugh et al.,, 2014; Girvetz &
Greco, 2007; Kilheffer & Underwood, 2018), the methods used
in this study were selected to minimise model complexity and
improve the accessibility of the model to wildlife management
practitioners (Addison et al., 2013; Guisan et al., 2013; Tulloch,
Sutcliffe, et al., 2016).

4.3 | Simplifying population dynamics

Our modelling approach reduced the demand for demographic data
usually associated with parameterising a hybrid model by simplifying

ObsTS2 ObsTS3 ObsTS4 ObsTS5 ObsTS6

Observed timestep

the simulation of population dynamics. Using generic rules to describe
population dynamics is conceptually similar to a stochastic patch
occupancy or traditional grid-based model (Bian, 2003; Hanski &
Ovaskainen, 2003; Preisler et al., 2004). The key strength of our ap-
proach is in the more sophisticated modelling of dispersal, which was
facilitated by the RangeShifter platform (Bocedi, Palmer, et al., 2014).
The embedded Stochastic Movement Simulator (SMS) in RangeShifter
enabled us to predict regional-scale patterns of population spread as a
function of patch characteristics (i.e. the size, geometry and composi-
tion of patches) and landscape structure (i.e. the distribution and con-
nectivity of patches [Bocedi, Palmer, et al., 2014; Palmer et al., 2011]).
The SMS provides an important advantage in modelling the range ex-
pansion of animal species, such as roe deer, with dispersal expected
to be influenced by key properties of the landscape (e.g. land cover,
elevation etc., Debeffe et al., 2013; Wahlstrom & Liberg, 1995). Our
approach could easily be applied to predict distribution changes for a
wide range of taxa using the same set of parameters for population
dynamics (i.e. standardised values) and species-specific parameters
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FIGURE 7 Predicted patterns of roe
deer (Capreolus capreolus) range expansion
in the historic area of expansion (HAE)
from the highest-performing (Vor-

Con) hybrid model. Numbers indicate
simulated timesteps from initialisation
(0) to near-total occupation of suitable
patches (6). The 10x 10 cells (occupied
cells) were compared to ObsRange and
ObsPresences for model evaluation (see
Section 2 for details).

for dispersal (perceptual range, directional persistence and maximum

number of steps, see Methods section for details).
4.4 | Model assumptions
When interpreting the results from our study and considering our

approach for future applications, it is important to understand the
implications of two key assumptions that were made. Firstly, to

simplify the modelling of population dynamics, it was necessary
to assume that the roe deer population would inevitably spread
and realise its potential range (i.e. expansion was certain). We feel
that this was reasonable based on historic patterns of expansion
in Great Britain and Europe and the biological characteristics of
the species. The environmental conditions in Wales are similar to
England and Scotland, where the roe deer population is widely
distributed. The rates of annual survival and reproduction are
also high for roe deer, so local extinctions are unlikely (Cobben
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FIGURE 8 Predicted patterns of roe deer (Capreolus capreolus) range expansion in Wales from the (Vor-Con) hybrid model. Numbers
indicate simulated timesteps from initialisation (0) to near-total occupation of suitable patches (10). The initial distribution of occupied

patches was based on observed presences.

et al.,, 2009; Davis et al.,, 2016; FlajSman et al., 2013; Gaillard
et al., 1993; Waber et al., 2013). However, it should be noted that
a wide range of additional factors may influence the likelihood
of their expansion in Wales, such as human activity, interspecific
interactions and climate change (Dormann et al., 2012; Pacifici
etal., 2020).

Secondly, it was assumed that habitat suitability was the only
factor driving patterns of population spread. Predictions of popu-
lation spread from the hybrid model were estimated based on the
limited set of environmental variables used to construct the under-
lying habitat suitability map. Because the modelled environment was
static, it failed to account for temporal variation in variables, such
as land use and climate. Historic temporal variation may reduce the
accuracy of the habitat suitability map as environmental conditions

at the point of species presence may have changed since the time of
recording. Predictions of future population spread also assume that
the environment will remain in its current state, which may be inac-
curate. Developing methods to incorporate dynamic environments
in models of population spread is a subject of ongoing research
(Lecocq et al., 2019; Milanesi et al., 2020) and is a priority for future
adaptation of the model.

Validating and assessing the performance of simulation-based
models also presents a methodological challenge (Zurell
et al., 2022). While our evaluation method quantified the relative
performance of the hybrid models, comparing our results to an
independent dataset would facilitate more robust model valida-
tion and assessment of absolute performance. Presence-absence
species distribution data would be particularly valuable, as they
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provide a similar level of information to the model output. In
contrast, our evaluations were made using maps derived from
presence-only distribution data (ObsRange and ObsPresences).
ObsRange was constructed from minimum convex polygons,
which most likely overestimated the species range (Burgman
& Fox, 2003). Conversely, ObsPresences represented a limited
number of locations within the species range where obser-
vations were recorded. Therefore, model outputs were more
likely to be penalised for under-prediction (i.e. low specificity)
and over-prediction (i.e. low sensitivity) when compared to
ObsRange and ObsPresences, respectively (Appendix S2). The
magnitude of penalisation increases at each timestep, as the ex-
tent of the predicted range becomes larger relative to the total
area, which results in a decrease in model performance over time
(Appendix S2).

High-quality independent presence/absence data are rarely
available for validating dynamic models of population spread.
However, technological advancements such as unmanned aerial
vehicles provide novel opportunities to collect higher quality
presence/absence distribution data across large spatial extents,
which would facilitate more robust model validation (Anderson
& Gaston, 2013; Baxter & Hamilton, 2018). Furthermore, high-
er-quality data would also improve the accuracy of simulating
movement during the transfer phase of dispersal. Describing
movement using a cost surface derived from a habitat suitability
map assumes movement is influenced by the same environmental
variables that drive species distributions. In reality, variables such
as elevation and annual rainfall may have an equal effect on dis-
tributions but are likely to offer different levels of resistance to
movement. Future studies may look to incorporate radio tracking
or global positioning system (GPS) telemetry data to derive more
accurate cost surfaces from observations of movement behaviour
(Diaz et al., 2021).

4.5 | Roe deerin Wales

Roe deer are the most widespread deer species in Europe with
Great Britain being one of many countries where numbers are in-
creasing rapidly (Croft et al., 2019; Linnell et al., 2020; Ward, 2005).
Restoring the population in Wales is an important conservation op-
portunity. However, it is essential that numbers are maintained at
a level that does not place unsustainable pressure on the environ-
ment (Apollonio et al., 2010; Carpio et al., 2021). As roe deer have al-
ready started to spread from England into Wales, there is a pressing
need to proactively develop regional- and local-scale management
strategies. Detection at an early stage of colonisation increases the
likelihood of successfully controlling population sizes and decreases
the long-term costs of management (Aschim & Brook, 2019; Guisan
et al., 2013). Physical monitoring techniques are usually geographi-
cally limited, due to the costs and logistics of fieldwork and spe-
cialist equipment. At the regional scale, our model can be used to
prioritise areas for surveillance and guide early management actions,

such as the engagement of landowners, construction of protective
fencing and establishment of deer management groups. If sightings
are recorded in a novel area, our model reveals where in the neigh-
bouring region populations are most likely to spread to. The use of
individual-sized patches in our model further benefits local-scale
decision-making by enabling the identification of specific parcels of
the landscape for targeted management. As surveillance yields more
data on the species' distribution, the model can be adapted to sup-

port long-term population management.

5 | CONCLUSIONS

Data limitations are a key challenge in developing predictive models
that can support local and regional-scale wildlife management strat-
egies. Often, decision-makers must allocate resources based on ex-
pert knowledge, coarse-level estimates of species distributions and
overly simplistic models of population spread. We present a rela-
tively straightforward modelling approach that provides managers
with a cost-effective, evidence-based tool for guiding actions and
detecting expanding animal populations at an early stage of coloni-
sation. Our approach fills an urgent need for a dynamic model that
can be constructed with limited data, is accessible to wildlife manag-
ers and can be adapted to suit a wide range of taxa.

AUTHOR CONTRIBUTIONS

Owain Barton: Conceptualization (equal); formal analysis (lead);
investigation (lead); methodology (lead); writing - original draft
(lead); writing - review and editing (equal). John R. Healey:
Conceptualization (supporting); supervision (supporting); writing -
review and editing (supporting). Line S. Cordes: Conceptualization
(supporting); formal analysis (supporting); methodology (support-
ing); supervision (supporting); visualization (supporting); writ-
ing - review and editing (supporting). Andrew J. Davies: Formal
analysis (supporting); methodology (supporting). Graeme Shannon:
Conceptualization (equal); funding acquisition (lead); investigation
(supporting); methodology (supporting); supervision (lead); writing -

original draft (supporting); writing - review and editing (equal).

ACKNOWLEDGEMENTS

This work was funded by the Knowledge Economy Skills Scholarships
programme. Knowledge Economy Skills Scholarships (KESS 2) is a
pan-Wales higher-level skills initiative led by Bangor University on
behalf of the HE sector in Wales. It is partly funded by the Welsh
Government's European Social Fund (ESF) convergence programme
for West Wales and the Valleys. We thank Steve Griffiths and Peter
Watson (formerly of The Deer Initiative Ltd.) for their support in de-
veloping the initial research topic and identifying the needs of wild-
life management practitioners. We also thank Dr Alastair Ward, Dr
Simon Croft and Dr Stephen Palmer for their intellectual input in the
early stages of model development. Finally, we wish to thank the as-
sociate editor of this journal and two anonymous reviewers for their

insightful and constructive comments.

85U8017 SUOWWOD A1) 8|qeotjdde ay) Ag peusenob a1e seoile VO ‘8sN JO S8|nJ o} Akeiq18uljUO AS|IA UO (SUOTIPUCO-PUB-SW.B)W0D" A8 | 1M Ake.q 1 |Bu [U0//SANy) SUORIPUOD pue swie 1 8y} &8s *[£202/TT/0] uo Ariqiauluo Aeim ‘Aiseaun Jobueg Ag 8//0T €898/200T OT/10P/00" A3 1M Aleiq iUl |uo//Sdny Wwolj pepeojumoqd ‘TT ‘€202 ‘85225702



BARTON ET AL.

CONFLICT OF INTEREST STATEMENT

The authors declare that no competing interests exist.

DATA AVAILABILITY STATEMENT

Species distribution data used in this study are available by digital re-
quest from the National Biodiversity Network Atlas (www.nbnatlas.
org, formerly NBN Gateway), the Biodiversity Information Service
(www.bis.org.uk), the Wildlife Trust of South West Wales (www.
welshwildlife.org) and the North Wales Environmental Information
Service (www.cofnod.org.uk). Environmental data for variables re-
lating to land cover, roads and terrain are accessible via Digimap
(ww.digimap.edina.ac.uk). Climate data are available from WorldClim

(www.worldclim.org).

ORCID

Owain Barton "= https://orcid.org/0000-0002-6181-8469

Graeme Shannon "= https://orcid.org/0000-0002-5039-4904

REFERENCES

Aben, J., Bocedi, G., Palmer, S. C. F., Pellikka, P., Strubbe, D., Hallmann,
C., Travis, J. M. J,, Lens, L., & Matthysen, E. (2016). The impor-
tance of realistic dispersal models in conservation planning:
Application of a novel modelling platform to evaluate manage-
ment scenarios in an Afrotropical biodiversity hotspot. Journal
of Applied Ecology, 53(4), 1055-1065. https://doi.org/10.1111/
1365-2664.12643

Acevedo, P., Ward, A. |., Real, R., & Smith, G. C. (2010). Assessing bio-
geographical relationships of ecologically related species using
favourability functions: A case study on British deer. Diversity and
Distributions, 16(4), 515-528. https://doi.org/10.1111/j.1472-4642.
2010.00662.x

Addison, P. F. E., Rumpff, L., Bau, S. S., Carey, J. M., Chee, Y. E., Jarrad,
F. C., McBride, M. F., & Burgman, M. A. (2013). Practical solutions
for making models indispensable in conservation decision-making.
Diversity and Distributions, 19(5-6), 490-502. https://doi.org/10.
1111/ddi.12054

Akashi, N., Unno, A., Terazawa, K., Allombert, S., Stockton, S. A. S.,
Martin, J. L., Applications, S. E., Feb, N., Austin, Z., Smart, J. C. R.
J., Yearley, S., Irvine, R. J., White, P. C. L. P,, Awasthi, N., Kumar,
U., Qureshi, Q., Pradhan, A., Chauhan, J. S, Jhala, Y. V,, ... Hu, Y.
(2016). Dispersal ecology informs design of large-scale wildlife cor-
ridors. Journal of Wildlife Management, 31(3), 1-20. https://doi.org/
10.1016/j.foreco.2011.12.043

Allouche, O., Tsoar, A., & Kadmon, R. (2006). Assessing the accuracy of
species distribution models: Prevalence, kappa and the true skill
statistic (TSS). Journal of Applied Ecology, 43(6), 1223-1232. https://
doi.org/10.1111/j.1365-2664.2006.01214.x

Anderson, K., & Gaston, K. J. (2013). Lightweight unmanned aerial
vehicles will revolutionize spatial ecology. Frontiers in Ecology
and the Environment, 11(3), 138-146. https://doi.org/10.1890/
120150

Apollonio, M., Andersen, R., & Putman, R. (2010). European ungulates and
their management in the 21st century. Cambridge University Press.

Aschim, R. A., & Brook, R. K. (2019). Evaluating cost-effective methods
for rapid and repeatable National Scale Detection and mapping of
invasive species spread. Scientific Reports, 9(1), 7254. https://doi.
org/10.1038/s41598-019-43729-y

Austin, M. P.,, & Van Niel, K. P. (2011). Improving species distribution
models for climate change studies: Variable selection and scale.
Journal of Biogeography, 38(1), 1-8. https://doi.org/10.1111/j.1365-
2699.2010.02416.x

Ecology and Evolution 150f 18
=t e W1 LEY- Lo

Battini, N., Farias, N., Giachetti, C. B., Schwindt, E., & Bortolus, A.
(2019). Staying ahead of invaders: Using species distribution
modeling to predict alien species' potential niche shifts. Marine
Ecology Progress Series, 612, 127-140. https://doi.org/10.3354/
meps12878

Baxter, P. W. J., & Hamilton, G. (2018). Learning to fly: Integrating spa-
tial ecology with unmanned aerial vehicle surveys. Ecosphere, 9(4),
1-17. https://doi.org/10.1002/ecs2.2194

Berec, L. (2002). Techniques of spatially explicit individual-based mod-
els: Construction, simulation, and mean-field analysis. Ecological
Modelling, 150, 55-81.

Bergquist, J., Lof, M., & Orlander, G. (2009). Effects of roe deer brows-
ing and site preparation on performance of planted broadleaved
and conifer seedlings when using temporary fences. Scandinavian
Journal of Forest Research, 24(4), 308-317. https://doi.org/10.1080/
02827580903117420

Bian, L. (2003). The representation of the environment in the context of
individual-based modeling. Ecological Modelling, 159, 279-296.

Bian, L. (2007). Object-oriented representation of environmental phe-
nomena: Is everything best represented as an object? Annals of the
Association of American Geographers, 97(2), 267-281.

Bocedi, G., Palmer, S. C. F,, Pe'er, G., Heikkinen, R. K., Matsinos, Y.
G., Watts, K., & Travis, J. M. J. (2014). RangeShifter: A platform
for modelling spatial eco-evolutionary dynamics and species'
responses to environmental changes. Methods in Ecology and
Evolution, 5(4), 388-396. https://doi.org/10.1111/2041-210X.
12162

Bocedi, G., Pe'er, G., Heikkinen, R. K., Matsinos, Y., & Travis, J. M. J.
(2012). Projecting species' range expansion dynamics: Sources of
systematic biases when scaling up patterns and processes. Methods
in Ecology and Evolution, 3(6), 1008-1018. https://doi.org/10.
1111/j.2041-210X.2012.00235.x

Bocedi, G., Zurell, D., Reineking, B., & Travis, J. M. J. (2014). Mechanistic
modelling of animal dispersal offers new insights into range expan-
sion dynamics across fragmented landscapes. Ecography, 37(12),
1240-1258. https://doi.org/10.1111/ecog.01041

Bottrill, M. C., Joseph, L. N., Carwardine, J., Bode, M., Cook, C., Game, E.
T., Grantham, H., Kark, S., Linke, S., McDonald-Madden, E., Pressey,
R. L., Walker, S., Wilson, K. A., & Possingham, H. P. (2008). Is con-
servation triage just smart decision making? Trends in Ecology &
Evolution, 23(12), 649-654. https://doi.org/10.1016/j.tree.2008.
07.007

Buckley, L. B., Urban, M. C., Angilletta, M. J., Crozier, L. G., Rissler, L.
J., & Sears, M. W. (2010). Can mechanism inform species' distribu-
tion models? Ecology Letters, 13(8), 1041-1054. https://doi.org/10.
1111/j.1461-0248.2010.01479.x

Burgman, M. A., & Fox, J. C. (2003). Bias in species range estimates
from minimum convex polygons: Implications for conservation and
options for improved planning. Animal Conservation, 6(1), 19-28.
https://doi.org/10.1017/51367943003003044

Carpio, A. J., Apollonio, M., & Acevedo, P. (2021). Wild ungulate over-
abundance in Europe: Contexts, causes, monitoring and manage-
ment recommendations. Mammal Review, 51(1), 95-108. https://
doi.org/10.1111/mam.12221

Cavanaugh, K. C., Siegel, D. A., Raimondi, P. T., & Alberto, F. (2014). Patch
definition in metapopulation analysis: A graph theory approach to
solve the mega-patch problem. Ecology, 95(2), 316-328.

Cawley, G. C., & Talbot, N. L. C. (2003). Efficient leave-one-out cross-val-
idation of kernel fisher discriminant classifiers. Pattern Recognition,
36(11), 2585-2592. https://doi.org/10.1016/50031-3203(03)
00136-5

Ciach, M., & Frohlich, A. (2019). Ungulates in the city: Light pollution and
open habitats predict the probability of roe deer occurring in an
urban environment. Urban Ecosystems, 22(3), 513-523. https://doi.
org/10.1007/s11252-019-00840-2

85U8017 SUOWWOD A1) 8|qeotjdde ay) Ag peusenob a1e seoile VO ‘8sN JO S8|nJ o} Akeiq18uljUO AS|IA UO (SUOTIPUCO-PUB-SW.B)W0D" A8 | 1M Ake.q 1 |Bu [U0//SANy) SUORIPUOD pue swie 1 8y} &8s *[£202/TT/0] uo Ariqiauluo Aeim ‘Aiseaun Jobueg Ag 8//0T €898/200T OT/10P/00" A3 1M Aleiq iUl |uo//Sdny Wwolj pepeojumoqd ‘TT ‘€202 ‘85225702


http://www.nbnatlas.org
http://www.nbnatlas.org
http://www.bis.org.uk
http://www.welshwildlife.org
http://www.welshwildlife.org
http://www.cofnod.org.uk
http://ww.digimap.edina.ac.uk
http://www.worldclim.org
https://orcid.org/0000-0002-6181-8469
https://orcid.org/0000-0002-6181-8469
https://orcid.org/0000-0002-5039-4904
https://orcid.org/0000-0002-5039-4904
https://doi.org/10.1111/1365-2664.12643
https://doi.org/10.1111/1365-2664.12643
https://doi.org/10.1111/j.1472-4642.2010.00662.x
https://doi.org/10.1111/j.1472-4642.2010.00662.x
https://doi.org/10.1111/ddi.12054
https://doi.org/10.1111/ddi.12054
https://doi.org/10.1016/j.foreco.2011.12.043
https://doi.org/10.1016/j.foreco.2011.12.043
https://doi.org/10.1111/j.1365-2664.2006.01214.x
https://doi.org/10.1111/j.1365-2664.2006.01214.x
https://doi.org/10.1890/120150
https://doi.org/10.1890/120150
https://doi.org/10.1038/s41598-019-43729-y
https://doi.org/10.1038/s41598-019-43729-y
https://doi.org/10.1111/j.1365-2699.2010.02416.x
https://doi.org/10.1111/j.1365-2699.2010.02416.x
https://doi.org/10.3354/meps12878
https://doi.org/10.3354/meps12878
https://doi.org/10.1002/ecs2.2194
https://doi.org/10.1080/02827580903117420
https://doi.org/10.1080/02827580903117420
https://doi.org/10.1111/2041-210X.12162
https://doi.org/10.1111/2041-210X.12162
https://doi.org/10.1111/j.2041-210X.2012.00235.x
https://doi.org/10.1111/j.2041-210X.2012.00235.x
https://doi.org/10.1111/ecog.01041
https://doi.org/10.1016/j.tree.2008.07.007
https://doi.org/10.1016/j.tree.2008.07.007
https://doi.org/10.1111/j.1461-0248.2010.01479.x
https://doi.org/10.1111/j.1461-0248.2010.01479.x
https://doi.org/10.1017/S1367943003003044
https://doi.org/10.1111/mam.12221
https://doi.org/10.1111/mam.12221
https://doi.org/10.1016/S0031-3203(03)00136-5
https://doi.org/10.1016/S0031-3203(03)00136-5
https://doi.org/10.1007/s11252-019-00840-2
https://doi.org/10.1007/s11252-019-00840-2

BARTON ET AL.

169118 | 1L y-Ecoogy end Evlton

Cobben, M. M. P, Linnell, J. D. C., Solberg, E. J., & Andersen, R. (2009).
Who wants to live forever? Roe deer survival in a favourable envi-
ronment. Ecological Research, 24(6), 1197-1205. https://doi.org/10.
1007/s11284-009-0600-y

Coulon, A, Morellet, N., Goulard, M., Cargnelutti, B., Angibault, J. M., &
Hewison, A. J. M. (2008). Inferring the effects of landscape struc-
ture on roe deer (Capreolus capreolus) movements using a step se-
lection function. Landscape Ecology, 23(5), 603-614. https://doi.
org/10.1007/s10980-008-9220-0

Croft, S., Chauvenet, A. L. M., & Smith, G. C. (2017). A systematic ap-
proach to estimate the distribution and total abundance of British
mammals. PLoS One, 12(6), €e0176339. https://doi.org/10.1371/
journal.pone.0176339

Croft, S., Ward, A. ., Aegerter, J. N., & Smith, G. C. (2019). Modeling
current and potential distributions of mammal species using pres-
ence-only data: A case study on British deer. Ecology and Evolution,
9(15), 8724-8735. https://doi.org/10.1002/ece3.5424

Cutini, A., Bongi, P., Chianucci, F., Pagon, N., Grignolio, S., Amorini, E.,
& Apollonio, M. (2011). Roe deer (Capreolus capreolus L.) browsing
effects and use of chestnut and Turkey oak coppiced areas. Annals
of Forest Science, 68(4), 667-674. https://doi.org/10.1007/s1359
5-011-0072-4

Davis, M. L., Stephens, P. A., & Kjellander, P. (2016). Beyond climate en-
velope projections: Roe deer survival and environmental change.
Journal of Wildlife Management, 80(3), 452-464. https://doi.org/10.
1002/jwmg.1029

Dawe, K. L., & Boutin, S. (2016). Climate change is the primary driver
of white-tailed deer (Odocoileus virginianus) range expansion at the
northern extent of its range; land use is secondary. Ecology and
Evolution, 6(18), 6435-6451. https://doi.org/10.1002/ece3.2316

Debeffe, L., Morellet, N., Cargnelutti, B., Lourtet, B., Coulon, A., Gaillard,
J.M,, Bon, R., & Hewison, A. J. M. (2013). Exploration as a key com-
ponent of natal dispersal: Dispersers explore more than philopatric
individuals in roe deer. Animal Behaviour, 86(1), 143-151. https://
doi.org/10.1016/j.anbehav.2013.05.005

Diaz, S. G., DeAngelis, D. L., Gaines, M. S., Purdon, A., Mole, M. A., & van
Aarde, R. J. (2021). Development and validation of a spatially-ex-
plicit agent-based model for space utilization by African savanna el-
ephants (Loxodonta africana) based on determinants of movement.
Ecological Modelling, 447, 109499. https://doi.org/10.1016/j.ecolm
0del.2021.109499

Dormann, C. F., Schymanski, S. J., Cabral, J., Chuine, |., Graham, C., Hartig,
F., Kearney, M., Morin, X., Rmermann, C., Schroder, B., & Singer,
A. (2012). Correlation and process in species distribution models:
Bridging a dichotomy. Journal of Biogeography, 39(12), 2119-2131.
https://doi.org/10.1111/j.1365-2699.2011.02659.x

Elith, J., Graham, C. H., Anderson, R. P., Dudik, M., Ferrier, S., Guisan,
A., Hijmans, R. J.,, Huettmann, F., Leathwick, J. R., Lehmann,
A., Li, J.,, Lohmann, L. G., Loiselle, B. A., Manion, G., Moritz,
C., Nakamura, M., Nakazawa, Y., McC Overton, J., Townsend
Peterson, A., ... Williams, S. (2006). Novel methods improve pre-
diction of Species' distributions from occurrence data. Source:
Ecography, 29(2), 129-151.

Elith, J., Kearney, M., & Phillips, S. (2010). The art of modelling range-shift-
ing species. Methods in Ecology and Evolution, 1(4), 330-342. https://
doi.org/10.1111/j.2041-210x.2010.00036.x

Elith, J., & Leathwick, J. R. (2009). Species distribution models: Ecological
explanation and prediction across space and time. Annual Review of
Ecology, Evolution, and Systematics, 40(1), 677-697. https://doi.org/
10.1146/annurev.ecolsys.110308.120159

Engler, R., Hordijk, W., & Guisan, A. (2012). The MIGCLIM R package
- seamless integration of dispersal constraints into projections of
species distribution models. Ecography, 35(10), 872-878. https://
doi.org/10.1111/j.1600-0587.2012.07608.x

Eskildsen, A., le Roux, P. C., Heikkinen, R. K., Hgye, T. T., Kissling, W.
D., Poyry, J., Wisz, M. S., & Luoto, M. (2013). Testing species

distribution models across space and time: High latitude butter-
flies and recent warming. Global Ecology and Biogeography, 22(12),
1293-1303. https://doi.org/10.1111/geb.12078

Fahrig, L. (2020). Why do several small patches hold more species than
few large patches? Global Ecology and Biogeography, 29(4), 615-628.
https://doi.org/10.1111/geb.13059

Flajsman, K., Jelenko, I., Poli¢nik, H., & Pokorny, B. (2013). Reproductive
potential of roe deer (Capreolus capreolus L.): Review of the most
important influential factors. Acta Silvae et Ligni, No.102, 1-20.

Fordham, D. A., Akcakaya, H. R., Aratjo, M. B., Keith, D. A., & Brook,
B. W. (2013). Tools for integrating range change, extinction risk
and climate change information into conservation management.
Ecography, 36(9), 956-964. https://doi.org/10.1111/j.1600-0587.
2013.00147.x

Gaillard, J.-M., Delorme, D., Boutin, J.-M., Guy, V. L., Bernard, B., &
Roger, P. (1993). Roe deer survival patterns: A comparative analysis
of contrasting populations. Source: Journal of Animal Ecology, 62(4),
778-791.

Gill, R. M. A., & Fuller, R. J. (2007). The effects of deer browsing on
woodland structure and songbirds in lowland Britain. Ibis, 149(2),
119-127.

Gill, R. M. A,, & Morgan, G. (2010). The effects of varying deer density
on natural regeneration in woodlands in lowland Britain. Forestry,
83(1), 53-63. https://doi.org/10.1093/forestry/cpp031

Girvetz, E. H., & Greco, S. E. (2007). How to define a patch: A spatial
model for hierarchically delineating organism-specific habitat
patches. Landscape Ecology, 22(8), 1131-1142. https://doi.org/10.
1007/5s10980-007-9104-8

Guisan, A., Tingley, R., Baumgartner, J. B., Naujokaitis-Lewis, I.,
Sutcliffe, P.R., Tulloch, A. 1. T.,Regan, T. J., Brotons, L., Mcdonald-
Madden, E., Mantyka-Pringle, C., Martin, T. G., Rhodes, J. R.,
Maggini, R., Setterfield, S. A., Elith, J., Schwartz, M. W., Wintle,
B. A., Broennimann, O., Austin, M., ... Buckley, Y. M. (2013).
Predicting species distributions for conservation decisions.
Ecology Letters, 16(12), 1424-1435. https://doi.org/10.1111/ele.
12189

Hanski, 1., & Ovaskainen, O. (2003). Metapopulation theory for frag-
mented landscapes. Theoretical Population Biology, 64(1), 119-127.
https://doi.org/10.1016/50040-5809(03)00022-4

Hijmans, R. J. (2012). Cross-validation of species distribution models:
Removing spatial sorting bias and calibration with a null model.
Ecology, 93(3), 679-688. https://doi.org/10.1890/11-0826.1

Hijmans, R. J., Phillips, S., Leathwick, J., & Elith, J. (2017). Package ‘dismo’
- R package ver. 1.1-4. https://Cran.r-Project.Org/Web/Packages/
Dismo/Index.Html

Holland, E. P., Aegerter, J. N., Dytham, C., & Smith, G. C. (2007).
Landscape as a model: The importance of geometry. PLoS
Computational Biology, 3(10), 200. https://doi.org/10.1371/journ
al.pcbi

Jepsen, J. U., & Topping, C. J. (2004). Modelling roe deer (Capreolus ca-
preolus) in a gradient of forest fragmentation: Behavioural plasticity
and choice of cover. Canadian Journal of Zoology, 82(9), 1528-1541.
https://doi.org/10.1139/Z204-131

Jiménez-Valverde, A. (2012). Insights into the area under the receiver
operating characteristic curve (AUC) as a discrimination measure
in species distribution modelling. Global Ecology and Biogeography,
21(4), 498-507. https://doi.org/10.1111/j.1466-8238.2011.00683.
X

José, C. S., & Lovari, S. (2010). Ranging movements of female roe deer:
Do home-loving does roam to mate? Ethology, 104(9), 721-728.
https://doi.org/10.1111/j.1439-0310.1998.tb00106.x

Kay, S. (1993). Factors affecting severity of deer browsing damage
within coppiced woodlands in the south of England. Biological
Conservation, 63, 21-222.

Kearney, M., & Porter, W. (2009). Mechanistic niche modelling:
Combining physiological and spatial data to predict species' ranges.

85U8017 SUOWWOD A1) 8|qeotjdde ay) Ag peusenob a1e seoile VO ‘8sN JO S8|nJ o} Akeiq18uljUO AS|IA UO (SUOTIPUCO-PUB-SW.B)W0D" A8 | 1M Ake.q 1 |Bu [U0//SANy) SUORIPUOD pue swie 1 8y} &8s *[£202/TT/0] uo Ariqiauluo Aeim ‘Aiseaun Jobueg Ag 8//0T €898/200T OT/10P/00" A3 1M Aleiq iUl |uo//Sdny Wwolj pepeojumoqd ‘TT ‘€202 ‘85225702


https://doi.org/10.1007/s11284-009-0600-y
https://doi.org/10.1007/s11284-009-0600-y
https://doi.org/10.1007/s10980-008-9220-0
https://doi.org/10.1007/s10980-008-9220-0
https://doi.org/10.1371/journal.pone.0176339
https://doi.org/10.1371/journal.pone.0176339
https://doi.org/10.1002/ece3.5424
https://doi.org/10.1007/s13595-011-0072-4
https://doi.org/10.1007/s13595-011-0072-4
https://doi.org/10.1002/jwmg.1029
https://doi.org/10.1002/jwmg.1029
https://doi.org/10.1002/ece3.2316
https://doi.org/10.1016/j.anbehav.2013.05.005
https://doi.org/10.1016/j.anbehav.2013.05.005
https://doi.org/10.1016/j.ecolmodel.2021.109499
https://doi.org/10.1016/j.ecolmodel.2021.109499
https://doi.org/10.1111/j.1365-2699.2011.02659.x
https://doi.org/10.1111/j.2041-210x.2010.00036.x
https://doi.org/10.1111/j.2041-210x.2010.00036.x
https://doi.org/10.1146/annurev.ecolsys.110308.120159
https://doi.org/10.1146/annurev.ecolsys.110308.120159
https://doi.org/10.1111/j.1600-0587.2012.07608.x
https://doi.org/10.1111/j.1600-0587.2012.07608.x
https://doi.org/10.1111/geb.12078
https://doi.org/10.1111/geb.13059
https://doi.org/10.1111/j.1600-0587.2013.00147.x
https://doi.org/10.1111/j.1600-0587.2013.00147.x
https://doi.org/10.1093/forestry/cpp031
https://doi.org/10.1007/s10980-007-9104-8
https://doi.org/10.1007/s10980-007-9104-8
https://doi.org/10.1111/ele.12189
https://doi.org/10.1111/ele.12189
https://doi.org/10.1016/S0040-5809(03)00022-4
https://doi.org/10.1890/11-0826.1
http://https//Cran.r-Project.Org/Web/Packages/Dismo/Index.Html
http://https//Cran.r-Project.Org/Web/Packages/Dismo/Index.Html
https://doi.org/10.1371/journal.pcbi
https://doi.org/10.1371/journal.pcbi
https://doi.org/10.1139/Z04-131
https://doi.org/10.1111/j.1466-8238.2011.00683.x
https://doi.org/10.1111/j.1466-8238.2011.00683.x
https://doi.org/10.1111/j.1439-0310.1998.tb00106.x

BARTON ET AL.

Ecology Letters, 12(4), 334-350. https://doi.org/10.1111/j.1461-
0248.2008.01277.x

Keshtkar, H., & Voigt, W. (2016). Potential impacts of climate and land-
scape fragmentation changes on plant distributions: Coupling
multi-temporal satellite imagery with GIS-based cellular autom-
ata model. Ecological Informatics, 32, 145-155. https://doi.org/10.
1016/j.ecoinf.2016.02.002

Kilheffer, C., & Underwood, H. B. (2018). Hierarchical patch delineation
in fragmented landscapes. Landscape Ecology, 33(9), 1533-1541.
https://doi.org/10.1007/s10980-018-0679-z

Kirkby, K. J. (2001). How do deer affect the woodland ground flora?
Forestry, 74(3), 219-229.

Kjellander, P., Hewison, A. J. M., Liberg, O., Angibault, J. M., Bideau, E.,
& Cargnelutti, B. (2004). Experimental evidence for density-de-
pendence of home-range size in roe deer (Capreolus capreolus L.): A
comparison of two long-term studies. Oecologia, 139(3), 478-485.
https://doi.org/10.1007/s00442-004-1529-z

Kjgstvedt, J. H., Mysterud, A., & @stbye, E. (1998). Roe deer Capreolus
capreolus use of agricultural crops during winter in the Lier valley,
Norway. Wildlife Biology, 4(1), 23-31. https://doi.org/10.2981/wlb.
1998.012

Lake, T. A., Briscoe Runquist, R. D., & Moeller, D. A. (2020). Predicting
range expansion of invasive species: Pitfalls and best practices
for obtaining biologically realistic projections. Diversity and
Distributions, 26(12), 1767-1779. https://doi.org/10.1111/ddi.
13161

Landis, J. R., & Koch, G. G. (1977). The measurement of observer agree-
ment for categorical data. Biometrics, 33(1), 159-174.

Le Corre, M., Pellerin, M., Pinaud, D., Van Laere, G, Fritz, H., & Said, S.
(2008). A multi-patch use of the habitat: Testing the first-passage
time analysis on roe deer Capreolus capreolus paths. Wildlife Biology,
14(3), 339-349. https://doi.org/10.2981/0909-6396(2008)14[339:
amuoth]2.0.co;2

Lecocq, T., Harpke, A., Rasmont, P., & Schweiger, O. (2019). Integrating
intraspecific differentiation in species distribution models:
Consequences on projections of current and future climatically
suitable areas of species. Diversity and Distributions, 25(7), 1088-
1100. https://doi.org/10.1111/ddi.12916

Linnell, J. D. C., & Andersen, R. J. (1998). Territorial fidelity and tenure in
roe deer bucks. Acta Theriologica, 43(1), 67-75.

Linnell, J. D. C., Cretois, B., Nilsen, E. B., Rolandsen, C. M., Solberg, E. J.,
Veiberg, V., Kaczensky, P., Van Moorter, B., Panzacchi, M., Rauset,
G. R., & Kaltenborn, B. (2020). The challenges and opportunities of
coexisting with wild ungulates in the human-dominated landscapes
of Europe's Anthropocene. Biological Conservation, 244, 108500.
https://doi.org/10.1016/j.biocon.2020.108500

Liu, C., Berry, P. M., Dawson, T. P, Liu, R. G. P,, Berry, C., Dawson, P. M.,
Pearson, T. P, Liu, C., Berry, P. M., Dawson, T. P., & Pearson, R. G.
(2005). Selecting thresholds of occurrence in the prediction of spe-
cies distributions. Ecography, 28(3), 385-393.

Liu, C., Newell, G., & White, M. (2016). On the selection of thresholds for
predicting species occurrence with presence-only data. Ecology and
Evolution, 6(1), 337-348. https://doi.org/10.1002/ece3.1878

Lobo, J. M,, Jiménez-valverde, A., & Real, R. (2008). AUC: A misleading
measure of the performance of predictive distribution models.
Global Ecology and Biogeography, 17(2), 145-151. https://doi.org/10.
1111/j.1466-8238.2007.00358.x

Louca, M., Vogiatzakis, I. N., & Moustakas, A. (2015). Modelling the com-
bined effects of land use and climatic changes: Coupling bioclimatic
modelling with Markov-chain cellular automata in a case study in
Cyprus. Ecological Informatics, 30, 241-249. https://doi.org/10.
1016/j.ecoinf.2015.05.008

Lovari, S., Serrao, G., & Mori, E. (2017). Woodland features determining
home range size of roe deer. Behavioural Processes, 140, 115-120.
https://doi.org/10.1016/j.beproc.2017.04.012

Ecology and Evolution 17 of 18
=t e W1 LEYy- 7o

Martin, J., Vourc'h, G., Bonnot, N., Cargnelutti, B., Chaval, Y., Lourtet, B.,
Goulard, M., Hoch, T., Plantard, O., Hewison, A. J. M., & Morellet,
N. (2018). Temporal shifts in landscape connectivity for an eco-
system engineer, the roe deer, across a multiple-use landscape.
Landscape Ecology, 33(6), 937-954. https://doi.org/10.1007/s1098
0-018-0641-0

MclLane, A. J., Semeniuk, C., McDermid, G. J., & Marceau, D. J. (2011).
The role of agent-based models in wildlife ecology and manage-
ment. Ecological Modelling, 222(8), 1544-1556. https://doi.org/10.
1016/j.ecolmodel.2011.01.020

Meyer, L., Diniz-Filho, J. A. F., & Lohmann, L. G. (2017). A comparison of
hull methods for estimating species ranges and richness maps. Plant
Ecology and Diversity, 10(5-6), 389-401. https://doi.org/10.1080/
17550874.2018.1425505

Milanesi, P., Della Rocca, F., & Robinson, R. A. (2020). Integrating dy-
namic environmental predictors and species occurrences: Toward
true dynamic species distribution models. Ecology and Evolution,
10(2), 1087-1092. https://doi.org/10.1002/ece3.5938

Nenzén, H. K., Swab, R. M., Keith, D. A., & Aratjo, M. B. (2012). demon-
iche - An R-package for simulating spatially-explicit population
dynamics. Ecography, 35(7), 577-580. https://doi.org/10.1111/j.
1600-0587.2012.07378.x

Nobis, M. P., & Normand, S. (2014). KISSMig - A simple model for R to
account for limited migration in analyses of species distributions.
Ecography, 37(12), 1282-1287. https://doi.org/10.1111/ecog.00930

O'Sullivan, D., Evans, T., Manson, S., Metcalf, S., Ligmann-Zielinska, A.,
& Bone, C. (2016). Strategic directions for agent-based modeling:
Avoiding the YAAWN syndrome. Journal of Land Use Science, 11(2),
177-187. https://doi.org/10.1080/1747423X.2015.1030463

Pacifici, M., Rondinini, C., Rhodes, J. R., Burbidge, A. A., Cristiano, A.,
Watson, J. E. M., Woinarski, J. C. Z., & Di Marco, M. (2020). Global
correlates of range contractions and expansions in terrestrial mam-
mals. Nature Communications, 11(1), 1-9. https://doi.org/10.1038/
s41467-020-16684-w

Palmer, S. C. F,, Coulon, A., & Travis, J. M. J. (2011). Introducing a “sto-
chastic movement simulator” for estimating habitat connectivity.
Methods in Ecology and Evolution, 2(3), 258-268. https://doi.org/10.
1111/j.2041-210X.2010.00073.x

Pearce, J., & Ferrier, S. (2000). Evaluating the predictive performance
of habitat models developed using logistic regression. Ecological
Modelling, 133, 225-245.

Pessarrodona, A., Foggo, A., & Smale, D. A. (2019). Can ecosystem
functioning be maintained despite climate-driven shifts in species
composition? Insights from novel marine forests. Journal of Ecology,
107(1), 91-104. https://doi.org/10.1111/1365-2745.13053

Petersson, L. K., Milberg, P., Bergstedt, J., Dahlgren, J., Felton, A. M.,
Gotmark, F., Salk, C., & Lof, M. (2019). Changing land use and in-
creasing abundance of deer cause natural regeneration failure of
oaks: Six decades of landscape-scale evidence. Forest Ecology and
Management, 444, 299-307. https://doi.org/10.1016/j.foreco.
2019.04.037

Phillips, S. J., Anderson, R. P., Dudik, M., Schapire, R. E., & Blair, M. E.
(2017). Opening the black box: An open-source release of Maxent.
Ecography, 40(7), 887-893. https://doi.org/10.1111/ecog.03049

Phillips, S. J., & Dudik, M. (2008). Modeling of species distributions
with Maxent: New extensions and a comprehensive evaluation.
Ecography, 31, 161-175. https://doi.org/10.1111/j.2007.0906-
7590.05203.x

Preisler, H. K., Ager, A. A, Johnson, B. K., & Kie, J. G. (2004). Modeling
animal movements using stochastic differential equations.
Environmetrics, 15(7), 643-657. https://doi.org/10.1002/env.636

Putman, R. (1986). Foraging by roe deer in agricultural areas and impact
on arable crops. Source: Journal of Applied Ecology, 23(1), 91-99.

R Core Development Team. (2019). R: A language and environment for sta-
tistical computing. R Foundation for Statistical Computing.

85U8017 SUOWWOD A1) 8|qeotjdde ay) Ag peusenob a1e seoile VO ‘8sN JO S8|nJ o} Akeiq18uljUO AS|IA UO (SUOTIPUCO-PUB-SW.B)W0D" A8 | 1M Ake.q 1 |Bu [U0//SANy) SUORIPUOD pue swie 1 8y} &8s *[£202/TT/0] uo Ariqiauluo Aeim ‘Aiseaun Jobueg Ag 8//0T €898/200T OT/10P/00" A3 1M Aleiq iUl |uo//Sdny Wwolj pepeojumoqd ‘TT ‘€202 ‘85225702


https://doi.org/10.1111/j.1461-0248.2008.01277.x
https://doi.org/10.1111/j.1461-0248.2008.01277.x
https://doi.org/10.1016/j.ecoinf.2016.02.002
https://doi.org/10.1016/j.ecoinf.2016.02.002
https://doi.org/10.1007/s10980-018-0679-z
https://doi.org/10.1007/s00442-004-1529-z
https://doi.org/10.2981/wlb.1998.012
https://doi.org/10.2981/wlb.1998.012
https://doi.org/10.1111/ddi.13161
https://doi.org/10.1111/ddi.13161
https://doi.org/10.2981/0909-6396(2008)14%5B339:amuoth%5D2.0.co;2
https://doi.org/10.2981/0909-6396(2008)14%5B339:amuoth%5D2.0.co;2
https://doi.org/10.1111/ddi.12916
https://doi.org/10.1016/j.biocon.2020.108500
https://doi.org/10.1002/ece3.1878
https://doi.org/10.1111/j.1466-8238.2007.00358.x
https://doi.org/10.1111/j.1466-8238.2007.00358.x
https://doi.org/10.1016/j.ecoinf.2015.05.008
https://doi.org/10.1016/j.ecoinf.2015.05.008
https://doi.org/10.1016/j.beproc.2017.04.012
https://doi.org/10.1007/s10980-018-0641-0
https://doi.org/10.1007/s10980-018-0641-0
https://doi.org/10.1016/j.ecolmodel.2011.01.020
https://doi.org/10.1016/j.ecolmodel.2011.01.020
https://doi.org/10.1080/17550874.2018.1425505
https://doi.org/10.1080/17550874.2018.1425505
https://doi.org/10.1002/ece3.5938
https://doi.org/10.1111/j.1600-0587.2012.07378.x
https://doi.org/10.1111/j.1600-0587.2012.07378.x
https://doi.org/10.1111/ecog.00930
https://doi.org/10.1080/1747423X.2015.1030463
https://doi.org/10.1038/s41467-020-16684-w
https://doi.org/10.1038/s41467-020-16684-w
https://doi.org/10.1111/j.2041-210X.2010.00073.x
https://doi.org/10.1111/j.2041-210X.2010.00073.x
https://doi.org/10.1111/1365-2745.13053
https://doi.org/10.1016/j.foreco.2019.04.037
https://doi.org/10.1016/j.foreco.2019.04.037
https://doi.org/10.1111/ecog.03049
https://doi.org/10.1111/j.2007.0906-7590.05203.x
https://doi.org/10.1111/j.2007.0906-7590.05203.x
https://doi.org/10.1002/env.636

BARTON ET AL.

129118 | Wi L y-Ecoogy end Evluon

Said, S., Gaillard, J. M., Widmer, O., Débias, F., Bourgoin, G., Delorme,
D., & Roux, C. (2009). What shapes intra-specific variation in home
range size? A case study of female roe deer. Oikos, 118(9), 1299-
1306. https://doi.org/10.1111/j.1600-0706.2009.17346.x

Singer, A., Schweiger, O., Kihn, I., & Johst, K. (2018). Constructing a
hybrid species distribution model from standard large-scale dis-
tribution data. Ecological Modelling, 373, 39-52. https://doi.org/10.
1016/j.ecolmodel.2018.02.002

Skidmore, A. K., Franklin, J., Dawson, T. P., & Pilesjo, P. (2011). Geospatial
tools address emerging issues in spatial ecology: A review and com-
mentary on the special issue. International Journal of Geographical
Information Science, 25(3), 337-365. https://doi.org/10.1080/
13658816.2011.554296

Thuiller, W., Minkemdiller, T., Lavergne, S., Mouillot, D., Mouquet,
N., Schiffers, K., & Gravel, D. (2013). A road map for integrating
eco-evolutionary processes into biodiversity models. Ecology
Letters, 16(Suppl 1), 94-105. https://doi.org/10.1111/ele.12104

Tilman, D., Clark, M., Williams, D. R., Kimmel, K., Polasky, S., & Packer, C.
(2017). Future threats to biodiversity and pathways to their prevention.
Nature, 546(7656), 73-81. https:/doi.org/10.1038/nature22900

Tulloch, A. 1. T., Barnes, M. D., Ringma, J., Fuller, R. A., & Watson, J. E. M.
(2016). Understanding the importance of small patches of habitat
for conservation. Journal of Applied Ecology, 53(2), 418-429. https://
doi.org/10.1111/1365-2664.12547

Tulloch, A. I. T,, Sutcliffe, P., Naujokaitis-Lewis, I., Tingley, R., Brotons, L.,
Ferraz, K. M. P. M. B., Possingham, H., Guisan, A., & Rhodes, J. R.
(2016). Conservation planners tend to ignore improved accuracy
of modelled species distributions to focus on multiple threats and
ecological processes. Biological Conservation, 199, 157-171. https://
doi.org/10.1016/j.biocon.2016.04.023

Vuilleumier, S., & Metzger, R. (2006). Animal dispersal modelling: Handling
landscape features and related animal choices. Ecological Modelling,
190(1-2), 159-170. https:/doi.org/10.1016/j.ecolmodel.2005.04.017

Waiber, K., Spencer, J., & Dolman, P. M. (2013). Achieving landscape-scale
deer management for biodiversity conservation: The need to con-
sider sources and sinks. Journal of Wildlife Management, 77(4), 726~
736. https://doi.org/10.1002/jwmg.530

Wahlstrom, L. K., & Liberg, O. (1995). Patterns of dispersal and seasonal
migration in roe deer (Capreolus cupreolus). Journal of Zoology, 235,
455-467.

Wallentin, G. (2017). Spatial simulation: A spatial perspective on indi-
vidual-based ecology—A review. Ecological Modelling, 350, 30-41.
https://doi.org/10.1016/j.ecolmodel.2017.01.017

Ward, A. I. (2005). Expanding ranges of wild and feral deer in Great
Britain. Mammal Review, 35(2), 165-173. https://doi.org/10.1111/j.
1365-2907.2005.00060.x

Wilson, J. R. U., Dormontt, E. E., Prentis, P. J., Lowe, A. J., & Richardson,
D. M. (2009). Something in the way you move: Dispersal pathways
affect invasion success. Trends in Ecology and Evolution, 24(3), 136-
144. https://doi.org/10.1016/j.tree.2008.10.007

Wilson, R. J., Davies, Z. G., & Thomas, C. D. (2009). Modelling the ef-
fect of habitat fragmentation on range expansion in a butterfly.
Proceedings of the Royal Society B: Biological Sciences, 276(1661),
1421-1427. https://doi.org/10.1098/rspb.2008.0724

Wilson, R. J., Davies, Z. G., & Thomas, C. D. (2010). Linking habitat use
to range expansion rates in fragmented landscapes: A metapopula-
tion approach. Ecography, 33(1), 73-82. https://doi.org/10.1111/j.
1600-0587.2009.06038.x

Zurell, D., Kénig, C., Malchow, A. K., Kapitza, S., Bocedi, G., Travis, J.,
& Fandos, G. (2022). Spatially explicit models for decision-making
in animal conservation and restoration. Ecography, 2022(4), 1-16.
https://doi.org/10.1111/ecog.05787

SUPPORTING INFORMATION
Additional supporting information can be found online in the

Supporting Information section at the end of this article.

How to cite this article: Barton, O., Healey, J. R., Cordes,
L.S., Davies, A. J., & Shannon, G. (2023). Predicting the
spatial expansion of an animal population with presence-only
data. Ecology and Evolution, 13, e10778. https://doi.
org/10.1002/ece3.10778

85U8017 SUOWWOD A1) 8|qeotjdde ay) Ag peusenob a1e seoile VO ‘8sN JO S8|nJ o} Akeiq18uljUO AS|IA UO (SUOTIPUCO-PUB-SW.B)W0D" A8 | 1M Ake.q 1 |Bu [U0//SANy) SUORIPUOD pue swie 1 8y} &8s *[£202/TT/0] uo Ariqiauluo Aeim ‘Aiseaun Jobueg Ag 8//0T €898/200T OT/10P/00" A3 1M Aleiq iUl |uo//Sdny Wwolj pepeojumoqd ‘TT ‘€202 ‘85225702


https://doi.org/10.1111/j.1600-0706.2009.17346.x
https://doi.org/10.1016/j.ecolmodel.2018.02.002
https://doi.org/10.1016/j.ecolmodel.2018.02.002
https://doi.org/10.1080/13658816.2011.554296
https://doi.org/10.1080/13658816.2011.554296
https://doi.org/10.1111/ele.12104
https://doi.org/10.1038/nature22900
https://doi.org/10.1111/1365-2664.12547
https://doi.org/10.1111/1365-2664.12547
https://doi.org/10.1016/j.biocon.2016.04.023
https://doi.org/10.1016/j.biocon.2016.04.023
https://doi.org/10.1016/j.ecolmodel.2005.04.017
https://doi.org/10.1002/jwmg.530
https://doi.org/10.1016/j.ecolmodel.2017.01.017
https://doi.org/10.1111/j.1365-2907.2005.00060.x
https://doi.org/10.1111/j.1365-2907.2005.00060.x
https://doi.org/10.1016/j.tree.2008.10.007
https://doi.org/10.1098/rspb.2008.0724
https://doi.org/10.1111/j.1600-0587.2009.06038.x
https://doi.org/10.1111/j.1600-0587.2009.06038.x
https://doi.org/10.1111/ecog.05787
https://doi.org/10.1002/ece3.10778
https://doi.org/10.1002/ece3.10778

	Predicting the spatial expansion of an animal population with presence-only data
	Abstract
	1|INTRODUCTION
	2|METHODS
	2.1|Study area
	2.2|Modelling approach
	2.2.1|Step 1. Estimating habitat suitability
	Occurrence data
	Environmental data
	MaxEnt model parameterisation and validation

	2.2.2|Step 2. Generalising the habitat suitability map
	Grid
	Voronoi
	Contiguity
	Voronoi-Contiguity (Vor-Con)

	2.2.3|Step 3. Simulating patch occupancy
	Parameterising the hybrid model
	Simplifying population dynamics
	Dispersal
	Estimating patch occupancy

	2.2.4|Step 4. Model evaluation
	2.2.5|Step 5. Applying the model to a novel region


	3|RESULTS
	3.1|Habitat suitability
	3.2|Model performance in the historic area of expansion
	3.3|Range expansion in Wales

	4|DISCUSSION
	4.1|Habitat suitability
	4.2|Hybrid model performance
	4.3|Simplifying population dynamics
	4.4|Model assumptions
	4.5|Roe deer in Wales

	5|CONCLUSIONS
	AUTHOR CONTRIBUTIONS
	ACKNO​WLE​DGE​MENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


