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Ecography Using geospatial data of wildlife presence to predict a species distribution across a geo-
2023: 06451 graphic area is among the most common tools in management and conservation. The
doi: 10.1111/ecoe.06451 collection of high-quality presence—absence (PA) data through structured surveys is,

o & however, expensive, and managers usually have access to larger amounts of low-quality

Subject Editor: Thorsten Wiegand presence-only (PO) data collected by citizen scientists, opportunistic observations and
Editor-in-Chief: Miguel Aratjo culling returns for game species. Integrated species distribution models (ISDMs) have
Accepted 4 November 2022 been developed to make the most of the data available by combining the higher-qual-

ity, but usually scarcer and more spatially restricted, PA data with the lower-quality,
unstructured, but usually more extensive PO datasets. Joint-likelihood ISDMs can be
run in a Bayesian context using integrated nested laplace approximation methods that
allow the addition of a spatially structured random effect to account for data spatial
autocorrelation. Here, we apply this innovative approach to fit ISDMs to empirical
data, using PA and PO data for the three prevalent deer species in Ireland: red, fallow
and sika deer. We collated all deer data available for the past 15 years and fitted models
predicting distribution and relative abundance at a 25 km? resolution across the island.
Model predictions were associated to spatial estimate of uncertainty, allowing us to
assess the quality of the model and the effect that data scarcity has on the certainty of
predictions. Furthermore, we checked the performance of the three species-specific
models using two datasets, independent deer hunting returns and deer densities based
on faecal pellet counts. Our work clearly demonstrates the applicability of spatially
explicit ISDMs to empirical data in a Bayesian context, providing a blueprint for man-
agers to exploit unexplored and seemingly unusable data that can, when modelled with
the proper tools, serve to inform management and conservation policies.
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Introduction

Methods to accurately predict species distributions have
been central to wildlife management, conservation of endan-
gered species, control of invasive species and improvement
of human—wildlife coexistence (Nyhus 2016, Frans et al.
2021). Species distribution models (SDMs) correlate species
occurrence to variables reflecting climatic and environmental
conditions, allowing us to understand spatiotemporal driv-
ers of species occurrence in different areas or under different
climatic conditions (Guisan and Zimmermann 2000). SDMs
have increased in complexity since their origin, aiming to
improve the predictions based on environmental variables,
to account for spatial autocorrelation and to include different
data types such as presence-only (PO) or presence—absence
(PA) (Guisan and Thuiller 2005, Elith and Leathwick 2009,
Guillera-Arroita et al. 2015).

Most SDM methods require information on where the
species has been recorded, where it has been absent from and,
to avoid biases, require systematically collected data with
strict control for effort, methodology and spatial coverage.
These structured data, however, are typically expensive to col-
lect and are thus scarce and with low spatial coverage (Hortal
and Lobo 2005, Miller et al. 2019). Unstructured data,
where collection effort and exact location may not be speci-
fied, sometimes even collected without a standardised pro-
tocol, are usually a more abundant but less accurate source
of information with the potential to give relevant insights
about species ecology. Unstructured data may range between
museum records and opportunistic citizen science observa-
tions, sometimes collected using recent advances in technol-
ogy such as smartphone applications (Boyce and Corrigan
2017, Pacifici et al. 2017); in game species, unstructured,
low spatial resolution data can originate from culling returns
(Nagy-Reis et al. 2021). Although unstructured datasets may
be more abundant and have wider spatial and temporal cover-
age than structured data, their use in SDMs raises issues, such
as the need to carefully consider observation bias as well as
the underestimation of local occurrence rates due to the lack
of information on the observational process (Yackulic et al.
2013, Pacifici et al. 2017).

In contrast to structured data, opportunistic datasets do
not include species absences, and thus methods have been
developed to work with PO data by generating or estimat-
ing pseudo-absences (i.e. locations where the species could
have been present but were not observed; Lobo et al. 2010,
Elith et al. 2011, Carlson 2020). Nevertheless, both data types
are often available for a single species, area and time period,
and the possibility of combining different datasets can allow
for better inference across much larger spatial extents. Among
the approaches developed to cope with this analytical chal-
lenge, two have gained traction in ecology studies: data pooling
and model-based data integration (or integrated species distri-
bution models, ISDMs; Fletcher et al. 2019, Isaac et al. 2020).
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The data pooling approach combines datasets prior to
entering a model, by degrading the higher-quality dataset
until it has a common observation process with the lower-
quality dataset (e.g. converting a PA dataset to PO obser-
vations, Ahmad Suhaimi et al. 2021). Alternatively, ISDMs
avoid degrading the quality of the data in the most accurate
dataset by considering the two datasets as different represen-
tations of the same distribution, and thus modelling them
together, combining the two likelihoods (joint-likelihood
approach, Pacifici et al. 2017). Additional advantages have
become obvious in ISDMs: on the one hand, including an
unbiased structured dataset (i.e. a PA dataset) helps compen-
sate for potential biases in PO datasets (Dorazio 2014); on
the other hand, ISDMs improve the ability to predict over
a wider geographic area by combining a very often spatially
restricted PA dataset with an overlapping, but more exten-
sive, PO dataset (Ahmad Suhaimi et al. 2021).

As datasets become increasingly complex, the challenge
for SDMs is to find appropriate ways to account for the
spatial structure of the observations and their intrinsic auto-
correlation. Several approaches have been adopted so far,
including conditional autoregressive (CAR) models fitted
within a Bayesian context through Markov chain Montecarlo
(MCMC) methods (Zulian et al. 2021). Most recently,
hierarchical Bayesian models fitted using integrated nested
laplace approximation (INLA, Lindgren and Rue 2015)
provide several advantages: on the one hand, they allow for
the inclusion of a spatially structured random effect (i.e.
spatial field) that can capture more complex spatial struc-
tures that might influence the distribution of observations;
on the other hand, INLA allows for the modelling in con-
tinuous space (without the need to group the observations
by grid cell) through the use of stochastic partial differen-
tial equations (SPDE, Lindgren et al. 2011, Paradinas et al.
2017, Lezama-Ochoa et al. 2020). This type of model can
be implemented with the ‘R-INLA’ package (Rue et al.
2009, Bakka et al. 2018) and the more recent develop-
ment of the ‘inlabru’ package (which provides easy access to
most ‘R-INLA’ functionality for spatially structured data;
Bachl et al. 2019). This approach provides a computation-
ally fast modelling environment for hierarchical Bayesian
models, where complex spatially structured random effects
can be added to models for a wide variety of response vari-
ables (e.g. binomial models for PA data or Poisson models
for PO and count data, Bakka et al. 2018), and where joint-
likelihood models can be developed to integrate different
sources of data (Adde et al. 2021, Cunningham et al. 2021,
Simmonds et al. 2020).

These recent methodological approaches can boost the
ability to model species distributions and disentangle the
factors that drive habitat selection, thus making them
a great tool for wildlife conservation and management
(Linnell and Zachos 2011). This is particularly important
when it comes to quickly assessing the status of species of
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conservation concerns or, otherwise, overabundant species
raising management challenges. Since the latter half of the
20th century, ungulate populations across Europe have
increased rapidly, leading to overpopulation in high den-
sity ‘hotspots’ (Apollonio et al. 2010, Putman et al. 2011),
resulting in these species being central within human—
wildlife coexistence research. Human—ungulate coexistence
is challenged across a wide variety of land uses, with severe
consequences to both the species and the human popu-
lation such as the damage to commercial forestry planta-
tions (Chadwick et al. 1996, Spake et al. 2020) and crops
(Linnell et al. 2020); the transmission of zoonotic dis-
eases to livestock and eventually humans (Gortdzar et al.
2012); and collisions with vehicles (Langbein et al. 2011).
Most management plans depend on regulating the popu-
lations through hunting quotas, which requires a robust
assessment of population densities, locally and glob-
ally (Putman et al. 2011, Krausman and Bleich 2013,
Richardson et al. 2020). However, despite the importance
of having accurate estimates of population densities and
distributions to inform management, survey methods are
rarely coordinated or standardised, and most information
comes from private stakeholders’ efforts to survey local
populations (Apollonio et al. 2010, Liu and Nieuwenhuis
2014) or, at most, population estimates based on hunting
returns (Apollonio et al. 2010, Nagy-Reis et al. 2021).

Ireland provides a representative study case to apply
recent advances with ISDMs to inform ungulate manage-
ment, being home to expanding populations of native red
deer Cervus elaphus, and non-native fallow Dama dama
and sika deer C. nippon (Carden et al. 2011). Despite the
recent population expansion of the three species (Purser et al.
2010, Liu and Nieuwenhuis 2018), Ireland lacks a national
management plan for any of its deer species and, currently,
management is limited to hunting permits that do not limit
hunters on where (e.g. high-density hotspots), how many
and which deer (e.g. species, age and sex classes) to hunt.
This is due to the lack of an empirical basis on deer distri-
bution and relative abundance needed to set harvest quotas,
maintain healthy populations and improve human—wildlife
coexistence (Millspaugh et al. 2009, Williams 2011, Nagy-
Reis et al. 2021). This lack of management translates into
scarce and patchy data coming from a diversity of sources,
which sets the perfect scene for the use of ISDMs.

We collated all data available on deer distribution in
Ireland previously collected by stakeholders at different spa-
tiotemporal scales. We also collected original data using ad
hoc web tools we created and made accessible to deer stake-
holders. Our goal was to demonstrate how ISDMs can inte-
grate structured and unstructured data to produce robust
predicted distributions for each species of deer present in
Ireland, fundamental to inform science-based management
practices. This study aimed to demonstrate the applicability
of an approach that can be adapted more broadly, and ulti-
mately produce more accurate distributions of species that
can be used for science-informed wildlife conservation and
for the management of human—wildlife coexistence.

Material and methods
Study species

Three species of deer are well distributed throughout Ireland:
red deer, sika deer and fallow deer. Red deer are native to
Ireland (but see Carden et al. 2012), whereas fallow deer
were introduced by the Anglo-Normans in the 12th century
(Beglane et al. 2018) and sika deer were initially introduced
for ornamental purposes in the 1860s to the Powercourt
Estate, Co. Wicklow, which is situated close to the capital
city of Dublin (Powerscourt 1884).

To gather all data available on deer in Ireland and
Northern Ireland (NI, UK), we contacted 1) Coillte (www.
coillte.ie/), which provided the results of the systematic deer
PA surveys in part of the 440 000 ha of forests they manage
in Ireland, and 2) the British Deer Society (https://bds.org.
uk/), which provided survey data on the PA of deer in NI.
These first two datasets were the only PA data available for the
entire island. We collated PO data from 1) the British Agri-
Food and Biosciences Institute (www.afbini.gov.uk/) which
provided geotagged data on culling returns from NI. We
also downloaded all observations from 2) Ireland’s National
Biodiversity Database (https://biodiversityireland.ie/), a citi-
zen science platform where users can submit deer observa-
tions, 3) iNaturalist (www.inaturalist.org/), an international
platform with the same goal; 4) the platform CEDaR (www.
nmni.com/CEDaR/CEDaR-Centre-for-Environmental-
Data-and-Recording.aspx) which curates all data for NI
obtained from citizen science platforms and other surveys;
and 5) the web survey (https://smartdeer.ie/) we developed
ad hoc to collect PO data from Irish deer stakeholders, and
where deer stalkers, other hunters, farmers and the pub-
lic were asked to submit their observations (full details in
Supporting information).

We obtained a total of 29 140 PA observations and 4185
PO observations, spanning between 2007 and 2022 (the vast
majority being collected in the last decade, see Table 1 for full
details on the temporal resolution of data). From these we
generated three separate deer datasets, one for each species
(red, sika and fallow deer), to run one model for each.

Data collection and pre-processing

Presence-absence (PA) data

PA data for each species were obtained from Coillte based on
surveys performed in a fraction of the 6000 properties they
manage (Table 1), by asking property managers (who visit
the forests they manage on a regular basis) whether deer were
present and, if so, what species. Properties range in size from
less than 1 ha to around 2900 ha and, to assign the PA value
to a specific location, we calculated the centroid of each prop-
erty using the function sz_centroid() from the package ‘sf” in
R (Pebesma 2018). The survey was mainly performed in
2010 and 2013, in addition to further data collected between
2014 and 2016. Some properties were surveyed only once
in the period 2010-2016, but for those that were surveyed
more than once, the value for that location was considered
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Table 1. Summary of the presence-absence (PA, structured data)
and presence-only (PO, unstructured data) datasets gathered for
Ireland and Northern Ireland (NI, UK). PA data were provided by
Coillte in Ireland and by the British Deer Society (BDS) in NI, while
PO data were collated from a wide variety of sources including citi-
zen science data, location of culled animals and our own web tools
specifically designed for deer stakeholders (https://smartdeer.ie/).

Data Red Sika Fallow
type Source Years deer  deer deer
PA BDS survey 2016 920 920 920
Coillte density 2007-2020 417 417 417
surveys
Coillte desk 2010-2016 4936 4936 4936
surveys
Total 6273 6273 6273
PO Citizen science  2005-2021 408 573 394
AFBI culling 2017-2021 7 169 259
returns
Smartdeer web ~ 2021-2022 507 460 528
survey
Others 2001-2018 51 35 69
Total 973 1237 1250

‘absence’ if deer had never been detected in the property in
any of the surveys, and ‘presence’ in all other cases. In addi-
tion to these surveys, Coillte commissioned density surveys
based on faecal pellet sampling in a subset of their proper-
ties between the years 2007 and 2020. Any non-zero densi-
ties in these data were considered ‘presences’, and all zeros
were considered ‘absences’. These data were also summarised
across years when a property had been repeatedly sampled,
and counted as presence if deer had been detected in any of
the sampling years (Table 1).

PA data for NI were obtained from a survey carried out
by the British Deer Society in 2016. The survey divided the
British territory in 100 km? grid cells and deer presence or
absence was assessed based on public contributions, which
were then reviewed and collated by BDS experts. Since 100
km? grid cells are quite large we did not, as with the Coillte
properties, calculate the centroid of each cell and assign
the PA value of the cell to it. Instead, we randomly simu-
lated positions within each cell and assigned the presence or
absence value of the cell to each of them. We performed a
sensitivity analysis to calculate an optimal number of posi-
tions that would capture the environmental variability within
each cell (Supporting information), which was set to five ran-
dom positions per grid cell. After processing, we obtained a
total of 920 PA data across NI (Fig. 1A).

Presence-only (PO) data

PO data were collected from various sources, mainly (but
not only) from citizen science initiatives. The National
Biodiversity Data Centre (NBDC) is an Irish initiative that
collates biodiversity data coming from different sources, from
published studies to citizen contributions. From this reposi-
tory, we obtained all contributions on the three species, a
total of 1430 records. To this, we added the 164 records of
deer in Ireland downloaded from the iNaturalist site, another
citizen-contributed database that collects the same type of
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data. From the resulting dataset, we 1) removed all observa-
tions with a spatial resolution lower than 1 km? 2) did a
visual inspection of the data and comments, and removed
all observations that were obviously incorrect (i.e. at sea or
that the comment specified it was a different species); 3) fil-
tered out all the fallow deer reported in Dublin’s enclosed
city patk (Phoenix Park) since the population there was
introduced and is artificially maintained, and disconnected
from the rest of populations in Ireland; and 4) filtered dupli-
cate observations by retaining only one observation per user,
location and day. The Centre for Environmental Data and
Recording (CEDaR) is a data repository for NI that operates
in the same way as the NBDC. They provided 872 records
of deer in NI, coming from different survey, scientific and
citizen science initiatives, from which we removed all records
provided with a spatial resolution lower than 1 km?. The
location and species of 469 deer culled between 2019 and
2021 in NI were obtained from the British Agri-Food and
Biosciences Institute. Some observations did not have specific
coordinates, and we derived these from the location name or
postcode if provided.

As part of a nationally funded initiative to improve deer
monitoring in Ireland (SMARTDEER), we developed a
bespoke online tool to facilitate the reporting of deer obser-
vations by the general public and all relevant stakeholders e.g.
hunters, farmers or foresters. Observations were reported in
2021 and 2022 by clicking on a map to indicate a 1 km?* area
where deer had been observed. For each user and session, we
calculated the area of the surface covered in squares, simu-
lated a number of positions proportional to the size of the
polygon and distributed them within it to generate a number
of exact positions equivalent to the area where the user had
indicated an observation (Supporting information). In total,
the SMARTDEER tool allowed us to collect 4078 presences
across Ireland and NI (Table 1, Fig. 1B).

The data used in the models were collected between 2007
and 2022. Deer populations expanded in Ireland until 2008
(Carden et al. 2011) and, according to culling return data,
have somewhat stabilised since then (NPWS official data).
Although the range expansion of deer species would merit
further investigation, here we provide for the first time an
accurate modelled distribution of the three main species of
deer in Ireland and, since the data are scarce, we have made
use of all available data without considering the tempo-
ral trends. A continued data collection scheme will provide
enough data to study population size and range changes, but
this is beyond the scope of this manuscript.

Statistical model

To integrate all the datasets (PA collected in Ireland, PA col-
lected in NI and PO collected across the whole island) into
one model for each species, we used functions from the
‘PointedSDMs’ package (hteps://github.com/PhilipMostert/
PointedSDMs) to construct a joint-likelihood model. In a
joint-likelihood model, a likelihood is constructed for each
dataset, with shared and non-shared elements such as covariates
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Figure 1. Presence—absence (PA, panel A) and presence-only (PO, panel B) data for each deer species (see Table 1 for sample sizes and tem-
poral resolution). PA data were provided by Coillte in Ireland and by the British Deer Society in Northern Ireland (NI, UK), while PO data
were collated from a wide variety of sources including citizen science data, location of culled animals and our own web tools specifically

designed for deer stakeholders (https://smartdeer.ie/).

and spatial random effects in each of them. The likelihoods are
then jointly modelled to produce a single response, a fitted
object from which predictions can be made and parameters
estimated. More details about the internal structure of joint
models within an INLA context can be found in Blangiardo
and Cameletti (2015) or Gémez-Rubio (2020).

Through the functions provided in the package, we con-
structed a joint model with three likelihoods: one for each of
the two PA datasets (NI and Ireland, respectively), and one
for the PO dataset. We considered two different likelihoods

for the PA data because of the different sampling approaches
and biases associated to the two different data collected in
Ireland and NI, respectively. However, we considered one
single likelihood for the PO data, which were mainly gener-
ated from citizen science and thus with consistent bias across
the NI-Ireland border. The three likelihoods shared all the
environmental covariates (described in Covariate selection),
and we included a spatial random effect that was common to
the three likelihoods but with a scaling parameter (8) between
likelihoods, using the ‘copy’ feature of the INLA models.
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The PO data were modelled as a log-Gaussian Cox process
with intensity function:

N (4) - Poison| () (3

A

log(k(s)) = + B .. Bx +E,

where V is the expected number of presences in the study
area (A), and A is the intensity function. The linear predic-
tor is composed of a dataset-specific intercept (a,), a set
of covariates (x, to x,) with their coefficients p, to f,, and
a random spatial effect (spatial field) to account for the
structure of the data (£). Here and in the PA likelihood we
have avoided mentioning a random error term in the for-
mula, since it was not included in the model (for simplicity;
Soriano-Redondo et al. 2019, Lezama-Ochoa et al. 2020 or
Laxton et al. 2022), although formally it should be included.
The spatial field is modelled as Gaussian random fields with
Matérn covariance functions, which is approximated using
a triangulation of the study area (called a mesh) through
stochastic partial differential equations fitted in a Bayesian
context through integrated nested Laplace approximations
(Lindgren et al. 2011).

The PA datasets were modelled as Bernouilli distributions
(Isaac et al. 2020), modelling the probability of observing an
individual at each location s:

Northern Ireland PA data
Y, ~ Bernouilli(pj)
cloglog(p,) = o, +Byx; +...+B,x, +8,&,
Ireland PA data
Z, ~ Bernouilli( ,)
cloglog(ps) =0, + B +...+PB,x, + 8,8

where Y, and Z, are the binary response variables (PA) and p,
is the probability of presence. These are linked to the linear
predictor by a complementary log-log link function (clo-
glog, Ahmad Suhaimi et al. 2021). Each likelihood has its
intercept (o, and ), a set of covariates (x; to x,) and their
coeflicients (B, to f,) which are common among the three
likelihoods. The spatial field (€) is also common among the
three likelihoods but is scaled between the PO likelihood and
the two PA likelihoods by two scaling parameters (8, and 3,).
Although the spatial field is scaled, its parameter estimation
is common for the three likelihoods and computed from all
the observations put together. Thus, the spatial field will have
a common shape in the three likelihoods, but the scaling will
allow for different variances in the values of the field among
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likelihoods. The use of the cloglog link in the binomial model
allows its response to be interpreted on the same scale as the
response of the Poisson model, which allows the sharing of
parameters between likelihoods (Kéry and Royle 2016).

Prior specification

The spatial field is controlled by two hyperparameters: range
and marginal variance. The range controls the smoothness of
the spatial field (i.e. the distance between peaks and troughs),
and the variance controls the magnitude of these peaks and
troughs. In the Bayesian context in which we are fitting this
model, we need to set prior values to these two hyperparam-
eters. To do so, we use penalised complexity (PC) priors, a
newly developed framework that allows easily interpretable
and controllable priors (Simpson et al. 2014). PC priors are
weakly informative (allowing the posterior of each hyperpa-
rameter to be mainly controlled by the data) and penalise
model complexity by ‘pulling’ the model towards its simplest
realisation (the ‘base’ model), which has infinite range and
zero variance (i.e. a completely flat spatial field, absence of
spatial structure). To set the priors, we inform the model of
‘how far it is allowed to deviate’ from those base models using
the following specifications:

- 'The prior on the range (p) is set providing the lower tail

quantile p, and the probability P(p) so that:

Prob(p < po) = P(p)

or ‘the probability that the true range (p) is smaller than p,
is P(p)’. For example, if we set p, to be 50 and P(p) to be
0.05, we are telling the model that the probability of the
true range of the spatial field being smaller than 50 km is
5%. In this way we are limiting the range to values between
infinite (the base model) and 50; that is, we are saying that
the smallest that the range could possibly be is 50 km with a
probability of 95%.
- 'The prior on the variance is set on the standard deviation
(SD), providing the upper tail quantile 6, and the prob-
ability P(0) so that:

Prob(c > 5, ) = P(o)

or ‘the probability that the true SD o is larger than o, is P(c)’.
For example, if we set 6, to be 0.5 and P(c) to be 0.05, the
probability of the true SD being larger than 0.5 is 5%, so
effectively the SD value is limited between 0 (the base model)
and 0.5 with a 95% probability.

Priors have to be carefully specified, but there is no abso-
lute rule for this, so the decisions that go into the prior choice
are an essential part of the modelling process. In this case, we
started off from the same point for the three species and re-
ran the model with updated priors iteratively (updating the p,
and o, values to approximate them to the posterior mean for
the range and SD, respectively) until we found a satisfactory
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output (which usually meant less skewed posterior distribu-
tions for the range and SD, and for the covariate coeflicients).
To make the starting point as uninformative as possible (and
let the data drive the posterior distributions) we set the prior
of the range to 200 km with a probability of 0.5 (it is as likely
that the range is above 200 km as under 200 km), and the
prior for the SD as 2, with a probability of 0.5 as well (SD
could either be above or under 2). In successive iterations we
modified the prior values and made them more informative
by reducing the probability values, until we obtained a sat-
isfactory model. Finally, the spatial field was scaled between
likelihoods by means of a scaling parameter (8) which is not
fixed beforehand, but estimated by the model, and to which
we set the default priors (Gaussian distribution with mean 1
and precision 10).

Covariate selection

Raster environmental covariates used in the models were
obtained from the Copernicus Land Monitoring Service
(© European Union, Copernicus Land Monitoring Service
2018, European Environment Agency EEA), whereas the
vector layers (roads, paths) were obtained from the Open
Street Map service (OpenStreetMap contributors 2017).
Planet dump (data file from January 2022, https://planet.
openstreetmap.org). Vector layers were transformed into dis-
tance layers (distance to roads, distance to paths) using the
distance() function from the package ‘raster’, and into den-
sity layers (density of roads, paths) using the rasterize() func-
tion of the same package (Hijmans 2021). All raster layers
were resampled to the lowest resolution available in the used
covariates, resulting in a 1 km? resolution. A full description
of the process of covariate selection (including screening for
collinearity) can be found in the Supporting information. The
covariates eventually used in the model were elevation (m),
slope (degrees), tree cover (%), small woody feature density
(%), distances to forest edge (m, positive distances indicate a
location outside a forest, negative distances indicate a loca-
tion within a forest) and human footprint index (Venter et al.
2016, 2018; Supporting information). All covariates were
scaled by subtracting the mean and dividing by the standard
deviation before entering the model (function scale() from
the raster package).

Spatial predictions

From the fitted models we used the predics() function to
obtain predictions from the whole joint model in the linear
scale, in a 25 km? grid. The method used to fit the models
produces predictions at each location that are not a point
value but a distribution, from which we can produce a pos-
terior mean and standard deviation, thus obtaining a spa-
tial estimate of the uncertainty of the prediction. We used
the same function to obtain the prediction of the spatial
effects, which can provide an indication of the spatial auto-
correlation structure of each of the datasets. The model is
designed on the assumption that not all individuals have
been observed and, although in theory the total abundance
can be calculated by predicting in the response scale and

integrating the intensity of the process over all the study
area, an imperfect detection will affect the predicted total
abundance. In all our models the total predicted abundances
were grossly underestimated, so we decided to use the pre-
dictions in the linear scale and, rescaled from 0 to 1, used
them as relative abundances instead of total abundances or
densities.

Checking model performance

To check the performance of our models, we used two dif-
ferent datasets. On the one hand, a completely independent
dataset commonly used in population estimates (Milner etal.
2006, Forsyth et al. 2022), the culling return data from the
National Park & Wildlife Service (NPWS, www.npws.ie/)
— responsible for issuing hunting licences — aggregated by
county between 2008 and 2018. The data consist of the
number of harvested deer of each species by county (rang-
ing from 826 to 7500 km?) and year. To increase accuracy,
we disregarded data before 2010 and we aggregated the data
of the resulting dataset by calculating the mean number of
deer harvested for each species and county, therefore dur-
ing the same period of time in which we gathered the PO
and PA data used in the ISDMs. Although culling data are
completely independent of the datasets used in the model,
they come with biases of their own. Culling returns are
influenced by the number of licences issued by each country
and, ultimately, by their human population size. In addi-
tion, in some counties where national parks are present, the
culling returns are lower than would be expected based on
deer abundance data, since hunting is not allowed within
national parks. Lastly, spatial distribution of culling returns
may be affected by hunters’ customs and traditions, which
might cause them to prefer hunting in some counties rather
than others. Despite these biases, culling returns are usu-
ally considered a valuable snapshot of deer populations
(Milner et al. 2006, Nagy-Reis et al. 2021), and we decided
to challenge our ISDMs model predictions by correlating
them to independent culling returns.

On the other hand, we used the density estimates obtained
through the faecal pellet counts within Coillte properties
(Presence—absence (PA) data). This dataset is less biased com-
pared to culling returns and is well spread within Coillte prop-
erties across Ireland, although it is not entirely independent
to a small subset (8.5%) of the PA data used in the ISDMs,
which were converted to PA to estimate PA likelihood of the
model. Whenever a property was sampled more than once,
the average density among all sampling instances was used.

With the predictions obtained from the ISDM model we
1) aggregated the value of the predictions by county (to be
correlated to county-level culling returns), and 2) extracted
the value of the predictions at the centroid of each Coillte
property (to be correlated to property-level faccal pellet den-
sities). We tested the correlation of our predictions to these
two datasets with a non-parametric Kendall’s tau (Hollander
and Wolfe 1973), selected based on lack of normality and
non-linearity in the data series.
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Results

We developed one model for each species, including effects
for six covariates (tree cover, density of small woody features,
distance to the forest edge, slope, elevation and human foot-
print index), and a shared spatial field for each species model,
scaled between the likelihoods (Supporting information).
When run with the initial uninformative priors, the models
produced estimates for the covariate effect sizes, and the range
and standard deviation of the spatial field, that were skewed
and with large uncertainties. Through iteratively running the
model with increasingly informative priors we obtained fit-
ted models for each species that produced centred and more
certain estimates of all parameters (Table 2).

The covariate effects for the three models (Fig. 2) showed
that the three species had, in general, similar ecology in terms
of environmental preferences. Red, sika and fallow deer were
more likely to be observed within forests (negative values of
distance to forest edge) with high tree cover densities. Elevation
had no significant effect in the distribution of red and fallow
deer (95% credible intervals, CI, overlapping 0), and a very
small positive effect on the distribution of sika deer, while slope
did not have a significant effect in red deer but opposite effects
in sika and fallow, with the former preferring steeper and the
latter flatter terrain. The three species distributions seemed to
match areas with greater human footprint, although the effect
was only significant in red deer, in line with the expectation

that bare and unpopulated lands are less attractive to deer.
The spatial fields for the three species showed posterior ranges
between 94 and 228 km, and posterior SD between 0.49 and
2.32 (Supporting information, Table 2).

From each of the models we obtained a spatial prediction
that allowed us to plot its mean and its standard deviation
(Fig. 3). Red deer hotspots were detected in the north-west
and south-west of Ireland, with a smaller, more diffuse hotspot
to the north-east. Sika deer were present at higher relative
abundances in a hotspot at the east coast and in the south-
west, with again less intense, more diffuse populations in the
north-west, frequently overlapping with the red deer. Last,
fallow deer are mainly distributed in the midlands, with high
abundances also in the north of Ireland and in NI. Standard
deviation was comparatively larger for red deer than for the
other two species, likely related to the fact that this is the less
abundant and more sparsely distributed species (Fig. 3).

Our ISDMs predicted the distribution of the three species
across Ireland and, when aggregated by county and compared
to the county-level culling returns, showed a relatively high
correlation (Kendall correlation values between 0.45 and
0.60, Table 3, Supporting information) with the indepen-
dent dataset of culling returns corrected by hunters’ licences.
When compared to the densities calculated from faecal pel-
lets within Coillte properties, the agreement was also rela-
tively high (Kendall correlation values between 0.45 and
0.64, Table 3, Supporting information).

Table 2. Priors’ specification and posterior distribution estimated for the spatial fields and the scaling parameters of the three species-specific
models (red, sika and fallow deer). Spatial fields are defined in our model by their range (p) and standard deviation (c), and the scaling
parameters between likelihoods (8, and 8,). Priors are set on the range and standard deviation as penalised complexity (PC) priors (Materials
and methods) and so the lower limit for the range and the upper limit for the SD are specified, together with a probability value for each.
For the scaling parameters, priors were left by default as a Gaussian distribution with mean 1 and precision 10. The posterior distributions
of these parameters were obtained from the model, and are described here by their mean and standard deviation. PA, presence-absence;

PO, presence-only; NI, Northern Ireland.

Species Parameter Prior Posterior mean Posterior SD
Red deer Range of the spatial field p,=100, P(p)=0.1 97.17 0.357
Standard deviation of the spatial field 6,=0.5, P(c)=0.1 0.49 0.001
Scaling parameter (PO to PA-NI) 1 1.08 0.003
M~ N(1,—=)
NT)
Scaling parameter (PO to PA-Ireland) 1 2.14 0.003
hy~N(1,—=)
Jio
Sika deer Range of the spatial field p,=200, P(p)=0.1 228.54 25.488
Standard deviation of the spatial field 6,=0.1, P6)=0.1 1.04 0.058
Scaling parameter (PO to PA-NI) 1 0.20 0.026
M~ N(1,—=)
Jio
Scaling parameter (PO to PA-Ireland) 1 0.43 0.017
Ay~ N(1,—=)
Jio
Fallow deer Range of the spatial field p,=100, P(p)=0.5 148.72 0.203
Standard deviation of the spatial field 6,=2, P(6)=0.1 2.32 0.004
Scaling parameter (PO to PA-NI) 1 —-0.17 0.001
M~ N(1,—=)
Jio
Scaling parameter (PO to PA-Ireland) 1 0.84 0.003
Ay~ N(1,—=)
Jio
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Figure 2. Covariate effects for each of the models for red (top, black), sika (middle, orange) and fallow (bottom, blue) deer. Circles represent
the median value of the effect, while the bars represent the 95% credible intervals (Cis).

Discussion

Applicability of joint likelihood models in an INLA
context to real data

Our results demonstrated the practical applications of
ISDM in the INLA Bayesian context despite the scarcity
and low quality of the data. Our models managed to suc-
cessfully produce not only a predicted distribution for each
species, but also to map their uncertainty and estimate rela-
tive abundance. The predicted distributions displayed low
uncertainties (reflected in small standard deviations), but it
was higher for the red deer model, efficiently reflecting the
most data-deficient species (i.e. fewer data relate to less cer-
tain predictions). Furthermore, we checked the performance
of the predictions with two different datasets to ensure their
accuracy, finding that our models performed well when com-
pared to both county-level culling returns and deer densities
estimated from faecal pellet counts. Thus, we provide accu-
rate science-based distribution maps that integrate all previ-
ous knowledge about deer distribution in Ireland, setting a
path for future data gathering initiatives with conservation
and management in sight.

Deer distributions and relative abundances in
Ireland

Our model predicted several population centres for red deer.
One of the population predicted hotspots was centred around
the Killarney National Park, a herd under conservation mea-
sures such as a hunting ban in the area (Carden et al. 2012).
The other hotspots to the north-west coincided with areas

where modern introductions of red deer have taken place in
the past two centuries (Purser et al. 2010), and the diffuse
populations along the east coast correspond to the area where
the first recorded introduction of red deer into Ireland took
place in 1246 (McDevitt et al. 2009).

The sika deer model showed two very clear hotspots in
the east and south-west of the island, and two less dense
populations in the north-west, reflecting the history of their
introduction in Ireland (Purser et al. 2010). There was con-
siderable overlap between the populations of red and sika
deer, which could merit further study on their habitat and
diet preferences to investigate the possible niche, spatial or
temporal segregation that might facilitate coexistence. From
our covariate effects, sika and red deer seemed to have similar
preferences for tree-dense areas within the forests, although
the distribution of red deer seemed to be much more driven
by the environment than that of sika deer, which could be
explained by the fact that sika deer were artificially intro-
duced, and thus their distribution may be driven more by a
founder effect (they are more abundant in or near the places
they were introduced) than by their environmental prefer-
ences (Sherpa et al. 2020). Although sika deer did seem to
have a preference for higher, steeper areas and for small woody
features, whichred deer do not display (Cis overlapping 0),
the distribution overlap of the two species causes concerns
with regards to the hybridisation between the two. This has
been observed both in captivity and in the wild (Abernethy
1994) and could be a threat to the genetic purity of the Kerry
herd (Smith et al. 2014).

Fallow deer were predicted to be distributed mostly over
the areas from where the other two species were largely absent.
This might be due to different habitat and food preferences,

Page 9 of 14

35UBD| 7 SUOWILLIOD dAEID 3|qedt|dde au Aq pausenof are sajoie WO ‘3N Jo Sajn. oy Akeld 1 auljuQ AS|IA UO (SUO R PUOD-pUR-SWLBYW0D S| IM A ReIg 1 BU I |UO//SONY) SUOIPUOD pUe SW.S | U} 88S *[£202/20/90] Uo ArlqiauliuQ A1 ‘Ariqi/ABojouyos | %8 80us10S JO AlseAluN UeiBamION NNLN Ad TS90'B03/TTTT OT/I0p/W00 8| IM AReiq 1|l |uo//:Sdny woiy papeojumoq ‘2 ‘€202 '2850009T



(A) Red deer

Sika deer

Fallow deer

55°N

54°N

Latitude

53°N

52°N

11°W 10°W  9°W  8°W 7°W  6°W 5°W

T T T T T T T T T
11°W 10°W  9°W  8°W 7°W  6°W 5°W

(B)
55°N
54°N -

[}

°

2

=

©

- 53°N -
52°N —

T T T T T T T T T T
11°W 10°W 9°W  8°W  7°W  6°W  5°W

T T T T T T T T T T
11°W 10°W 9°W  8°W  7°W  6°W  5°W

Longitude

Figure 3. Mean (panel (A)) and standard deviation (panel (B)) of the spatial predictions for red, sika and fallow deer. The values indicate rela-
tive abundances, with 0 reflecting absence of the species and values closer to 1 representing the areas where the species is more abundant.

since fallow deer are known to be more obligated grazers than
either red or sika deer (Obidziriski et al. 2013), or to compet-
itive exclusion, but could also be a reflection of the founder
effect since fallow deer seem to have slow range expansion
rates from where their populations are first established (Ward

Table 3. Kendall correlation coefficients between the relative abun-
dances of red, sika and fallow deer as predicted by our integrated
species distribution models (ISDMs) and 1) culling returns data at
the Irish county level (n=26) and 2) deer densities from faecal pellet
counts at the Coillte property level (n=the prediction values
extracted at the Coillte property centroids and the deer densities
estimated in them by faecal pellet counts (n=417).

Culling returns Density from pellets

Red deer 0.60 0.45
Sika deer 0.45 0.64
Fallow deer 0.46 0.59
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2005). Nevertheless, since the last published distribution in
2008 (Carden et al. 2011), fallow deer distribution seems to
have expanded northward, now displaying a continuous dis-
tribution from the south-east coast through the midlands and
the west and all the way up to the north-west coast and NI.
For each model, the spatial field shared among the three
likelihoods captured the spatial structure not explained by
the covariates, as well as any spatial autocorrelation among
the sampled locations, with higher values where data were
more clustered (Adde et al. 2021). For the three models, the
spatial field contributed greatly to the overall predicted dis-
tribution, with the covariates having in general small effects
for all species. In other words, the fact that the spatial field
(and not the environmental covariates) captured most of
the spatial structure in the data suggests that environmen-
tal variables are not the main drivers of the distributions
reflecting the ‘founder effect’ in their distribution, since the
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three species have been introduced (or re-introduced in the
case of the red deer; Powerscourt 1884, Carden et al. 2012,
Beglane et al. 2018).

Joint likelihood models as a tool for management in
data-scarce scenarios

Our predicted distributions described an island where deer
of at least one species were omnipresent, with some regions
where two species spatially overlap. The covariates showed
that although the three species preferred areas with dense tree
cover and within forests, that did not necessarily mean that
deer shy away from human presence, reflected in our models
by a positive effect of human footprint index, particularly for
red deer. That is, however, more reflective of Ireland’s natu-
ral habitats than of deer preferences: Ireland and NI have a
large proportion of heavily modified habitat (approximately
69% of Ireland and 76% of NI are covered by farmland)
(Central Statistics Office 2021, Northern Ireland Statistics
and Research Agency 2021), with most of their agricultural
land devoted to permanent and rough grazing grasslands,
very attractive to deer (Drennan et al. 2005, O’Mara 2012),
The forests, small and patchily distributed, are mostly non-
native and are present within mosaics dominated by human-
modified habitats, making it almost impossible for deer to
avoid anthropomorphised environments. This has obvious
consequences for human—wildlife coexistence, since deer
have more opportunities to interact heavily with human
resources such as roads, commercial forestry and farms. Thus,
these results constitute a starting point for management, by
providing information on areas where the relative densities
of the relevant deer species are higher, and where targeted
actions would be most effective.

With this research, we have demonstrated the applicability
of joint Bayesian spatial models fitted through INLA meth-
ods to obtain accurate distributions and relative abundances
of species, even when data are scarce and with diverse biases.
Our models’ performance has been checked with two differ-
ent datasets, proving their accuracy even with low-quality,
patchy data, which makes them a useful tool for the manage-
ment and conservation of wildlife in most contexts where a
data collection protocol has not been established. Our work
now opens new and exciting future scenarios, because the
same type of model can be adapted to estimate actual abun-
dances by including data on the number of individuals (e.g.
group sizes) and sampling effort, leading ISDMs to produce
even mote accurate information on species abundances which
are so essential for science-informed management.
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