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ABSTRACT

1. The inherent complexity of the environment is such that attempts to model it must operate under
simplifications and assumptions. Considering predictions from alternative models, with a range of assumptions
and data requirements, therefore provides a more robust approach.

2. The intractability and uncertainty resulting from a suite of predictions may hinder the application of science in
policy, where a single prediction with little ambiguity or uncertainty would be most desirable. Few studies modelling
species’ distributions attempt to present multi-model outputs in a format most useful to the non-modelling
community, and none of these have done so for the marine environment.

3. The problem of uncertainty is particularly prevalent in predicting the distribution of invasive alien species
under climate change. As invasive alien species are one of the main drivers of biodiversity loss and may incur
significant economic costs, the benefit of applying predictions to highlight areas of possible establishment and
inform policy and management may be large.

4. An ensemble prediction is used to assess the distribution of suitable habitat for the Pacific oyster, Crassostrea
gigas, in UK waters both currently and in the future. The ensemble incorporates predictions from three species
distribution models, using data from two global climate models. A method is developed highlighting the
agreement of the ensemble, further applying threshold values to retain information from constituent predictions
in the final map of agreement.

5. Ensemble predictions made here suggest that Pacific oyster will experience an opening of suitable habitat in
northern UK waters, reaching the Faroe Islands and the eastern Norwegian Sea by 2050. Habitat suitability
will increase with warming temperatures in the English Channel and Central North Sea for this species. The
approaches applied here can be incorporated into risk assessment frameworks for invasive species, as stipulated
in the Convention on Biological Diversity.
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INTRODUCTION

Science is often relied upon to help inform
environmental policy-making and to provide
answers in the face of political controversies. From
the decision-maker’s perspective, the most desirable
form of advice would constitute a single prediction
or projection with little ambiguity or uncertainty.
Currently there is a tendency to expect that the
introduction of better and more complete data will
necessarily facilitate better and more effective
policy-making. This is exemplified by calls for more
rescarch  following  politically  sensitive  or
environmentally controversial decisions. However,
while the need for environmental policy to be
founded on sound evidence is not dismissed, it is
stressed that there is sometimes a limit to what
science can realistically offer and it is often unwise
to delay decisions while awaiting better, or more
accurate data. The complexity of the natural world
is such that modelling must, by necessity, be
reductionist. Unambiguous answers are rarely
achieved and for pragmatic reasons modellers must
make assumptions and simplifications, with even
the most complex models being approximations of
a real system (Collins er al, 2012). Different
modellers may also favour particular modelling
frameworks/formulations with their inherent biases
and peculiarities. Furthermore, rarely are a suite of
equally plausible models tested and compared.

The wealth of methodologies for dealing with
ecological complexity or uncertainty may not only
lead to confusion, but also to criticism and
scepticism among the non-modelling community.
For example, model comparison studies have
demonstrated the variation in outputs achievable
using different Species Distribution Models
(SDMs) (Aragjo et al., 2005; Pearson et al., 2006;
Aratjo and New, 2007) and with inputs from
alternative global climate projections (Jones et al.,
2012). A multi-model procedure (an ‘ensemble’ of
models) is advocated in Jones er al. (2012) rather
than assuming that any one model gives a ‘true’
picture of the ecosystem. For biological or ecosystem
projections, the best possible policy outcome will
often be achieved not by limiting outlook to a
perceived ‘best” model. Instead, a range of available
projections from a variety of validated methodologies
and sources should be taken into account.

Copyright © 2013 John Wiley & Sons, Ltd.

If variability in predictions is great enough to
cause confusion or misunderstanding, the utility of
a multi-model approach in guiding policy will be
limited and may even hinder the decision-making
process. In such instances, the use of techniques to
summarize the discrepancies and concordances
within an ‘ensemble’ framework would seem
desirable for presenting the maximum amount of
information in a single figure. The statistical
‘ensemble’ approach was pioneered by J Willard
Gibbs in 1878 as an idealization consisting of a
large number of copies of a system, considered all
at once, each of which represents a possible state
that the real system might be in at some specified
time. Ensemble methods aim to obtain better
predictive performance than could be obtained
from any of the constituent models runs, and the
approach has become particularly prevalent
among physical and meteorological modellers
that participate in the Intergovernmental Panel on
Climate Change (IPCC, 2007). It has been argued
that significant improvements in the robustness of a
forecast can be achieved if an ensemble approach is
used and the results are analysed appropriately
(Aratjo and New, 2007). A non-ecological study
has further shown that as long as individual
forecasts contain some independent information,
combined forecasts would yield lower mean error
than any of the constituent forecasts (Bates and
Granger, 2012). There are several methodologies
for constructing ensemble forecasts (Araujo et al.,
2006; Aratjo and New, 2007; Coetzee et al., 2009;
Diniz-Filho et al., 2009; Marmion et al., 2009) and
these have been widely explored in species
distribution modelling (Aragjo et al., 2006; Pearson
et al., 2006; Prasad et al., 2006; Carvalho et al.,
2011). Several of these methods attempt to find the
central tendency of forecasts through measures such
as the mean or median (Aratjo et al., 2005;
Marmion et al., 2009). They attempt to distinguish
the ‘signal’ of the combined predictions from the
‘noise’ surrounding it that might be associated
with individual model error and uncertainty.
Alternatively, an ensemble of predictions can be
used to define the bounding box (Aratjo and New,
2007). This method identifies the range in forecasts
from the ensemble members and the maximum area
of predicted distribution, without quantifying the
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probability distribution or conditional probabilities.
No ensemble average or confidence limits around
the average are calculated.

The application and utility of a non-statistical
ensemble approach is demonstrated by considering
the example of the Pacific oyster, Crassostrea gigas.
The Pacific oyster is native to Japan and east Asia
but has been introduced intentionally to countries
such as Australia, France, the United States and the
United Kingdom for aquaculture, and is now the
most widely farmed and commercially important
oyster in the world. Within the UK, 1400 tonnes of
Pacific oyster were grown in aquaculture facilities in
2006 (GB Non-Native Species Secretariat (NNSS),
2012). Pacific oyster was deliberately introduced for
commercial purposes after Ministry of Agriculture,
Fisheries and Food (MAFF) trials in the 1960s and
early 1970s had indicated that the species required
temperatures clearly in excess of those in
British waters for successful reproduction in the wild
(Mann, 1979; Utting and Spencer, 1992). Accordingly,
hatchery-produced seed were produced in large
numbers for commercial rearing. However, natural
recruitment has since occurred within the British
Isles, although with regional differences. Some local
recruitment occurred in estuaries of south-west
England and north Wales following unusually
warm summers in 1989 and 1990 (Spencer et al.,
1994) and there are now well established ‘wild’
adult populations. To date, there have been no
substantiated records of spatfall in Scottish waters
although maturation of the gonad and gamete
release have been noted occasionally during
atypically warm weather and in shallow, sheltered
sea lochs (Maggs et al., 2010). However, in 2005,
temperatures in Strangford Lough, Northern
Ireland, reached those sufficient to allow spat
development and settlement, and were reflected by
high frequencies of age classes recruited in 2005
(Guy and Roberts, 2010).

Despite the economic benefits, wild establishment
of Pacific oyster may cause significant economic
losses by outcompeting native species of bivalves,
especially native oysters Ostrea edulis, as well as
mussels and cockles. In the Wadden Sea, for
example, Pacific oyster has been seen to displace
mussel fisheries in some areas (Nehls ez al., 20006)
and it has been suggested that their reefs may cause

Copyright © 2013 John Wiley & Sons, Ltd.

major shifts in the community of benthic filter
feeders, with subsequent negative effects on bird
populations (Smaal et al., 2005). Furthermore, the
presence of their sharp shells on the intertidal zone
and mudflats may deter human leisure activities,
thus negatively affecting tourism.

There are several terms used for describing species
persisting outside their native range. Non-native
refers to all species that have been deliberately or
accidentally introduced to an area from their native
range (Kolar and Lodge, 2001). While non-native
species that establish themselves in a new range but
do not cause negative impacts are referred to as
naturalized or non-invasive (Kolar and Lodge,
2001), the term ‘invasive alien species’ is used to
describe those that cause, or have the potential to
cause, harm to the environment, economies, or
human health (Global Invasive Species Programme,
1999). Invasive alien species are identified as one of
the main drivers of biodiversity loss and ecosystem
malfunction (Mcneely, 2001; Underwood et al.,
2003; Molnar et al., 2008). With good evidence
that climate change favours the spread of some
non-native species (Stachowicz ef al., 2002; Sax
et al., 2007), the interaction between invasive alien
species and climate change is thus becoming a
pressing issue for conservation and fisheries
economics. Although the extent to which the
non-native Pacific oyster may affect UK native
species and habitats is poorly understood, the
increasingly favourable conditions caused by
warming seawater temperatures are likely to benefit
this species and promote its further spread. The UK
is bound by international agreements such as the
Convention on Biological Diversity, the United
Nations Convention on the Law of the Sea, The
Convention on the Conservation of Migratory
Species of Wild Animals (Bonn, 1979), The
Convention on the Conservation of European
Wildlife and Natural Habitat (Bern, 1979), the EC
Habitats and Species Directives, as well as the
EU Water Framework Directive and Marine
Strategy Framework Directive. All of these aim to
protect biodiversity and most include provisions
aimed at preventing the further introduction of,
or control of, non-native species, especially those
that pose a risk to native or protected species
(INCC, 2012).
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Furthermore, the total cost of invasive alien and
non-native species to the UK economy (both
terrestrial and aquatic) is estimated at £1.7 billion
per annum (Williams ez al., 2010). Aquatic molluscs
alone are thought to cause damages of $1 billion
per year in the USA (Pimentel, 2005). Therefore
early warning systems to highlight potentially
invadable areas by species could be a useful first
step in any proposed management, monitoring or
prevention plan. This would seem especially useful
in the case of Pacific oyster, for which no
management plan exists and thus the most desirable
route to preventing spread would be enhanced
bio-security and vigilance against further deliberate
and accidental introductions. The first UK Climate
Change Risk Assessment (CCRA) published in
January 2012 (a requirement under the UK Climate
Change Act 2008) specifically argued that a more
statistically rigorous and defensible study was
needed of projection techniques for non-native
aquatic species, as this report could only manage a
very crude attempt at predicting future distribution.
Species Distribution Models (SDMs) have been
used to predict suitable habitat of other non-native
marine species in Europe (e.g. Chinese mitten crab,
Eriocheir sinensis (Herborg, 2007)) and have further
been used to inform management efforts aimed at
identifying areas at risk of zebra mussel (Dreissena
polymorpha) invasion in the western USA (Drake
and Bossenbroek, 2004). The application of an
ensemble model approach and its utility in assessing
the potential threat by an invasive species is
explored as well as attempting to provide
predictions of projected habitat suitability for the
Pacific oyster in a format useable by policy-makers
and the non-modelling community.

METHODS

Predictions of relative habitat suitability in UK for
both current and future time periods were
generated for the Pacific oyster using three
different SDMs and outputs from two distinct
Global Climate Models (GCMs). The SDMs were
AquaMaps (Kaschner et al., 2006; Ready et al.,
2010), Maxent (Phillips et al., 2006), and the
Dynamic Bioclimate Envelope Model (DBEM)

Copyright © 2013 John Wiley & Sons, Ltd.

(Cheung et al., 2011). These models (described in
detail in the above references and compared in
Jones et al. (2012)) have been shown to produce
plausible predictions of species’ current distributions
given occurrence data, which are used in model
testing (Jones et al, 2012). Furthermore,
comparisons between model hindcast and historical
distribution changes of fishes and invertebrates from
the 1970s to the 2000s in the Bering Sea and
Northeast Atlantic suggest that DBEM has
significant skill in predicting distribution shifts in
these regions (Cheung et al., 2012).

AquaMaps and Maxent are statistical models,
which differ in complexity but which both generate
predictions of a species’ relative habitat suitability
by associating presence-only data on a species’
occurrence with a set of environmental variables.
Species’ occurrence data were obtained from two
global online databases: the Ocean Biogeographic
Information System (OBIS) (http://www.iobis.org)
and the Global Biodiversity Information Facility
(GBIF) (http://data.gbif.org), all last accessed in
2011. Occurrence records were rigorously filtered to
minimize the recording error likely in using data
compiled from many sources. Thus, additional
information on species’ environmental preferences
and geographic limits (Fishbase, Froese and Pauly,
2011; FAO (2011) fact sheets: http://www.fao.org/
fishery/species/3514/en; The Marine Life Information
Network (MarLIN) www.marlin.ac.uk) was used to
remove occurrence points located on land or outside
expert-defined geographic ranges (obtained as
latitudinal and longitudinal limits from FishBase)
or FAO areas. Occurrence data were spatially
aggregated at the level of 0.5° latitude x 0.5°
longitude, giving a binary value of presence or
absence for each cell.

Environmental datasets were obtained at 0.5°
latitude x 0.5° longitude resolution from the
Geophysical Fluid Dynamics Laboratory’s Earth
System Model (GFDL ESM2.1 (Dunne et al.,
2010)). These included sea surface temperature, sea
bottom temperature, salinity, primary productivity
and depth. A further set of physical climate data were
obtained from an ensemble of 12 different CMIP3
models that were assembled under the auspices of
the fourth assessment of the Intergovernmental
Panel on Climate Change (IPCC AR4). These were
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obtained from the World Climate Research Program
(WCRP) Coupled Model Intercomparison Project
phase 3 (CMIP3) multi-model dataset (http://esg.
linl.gov:8080). Both climatic datasets were modelled
under the ‘high’ emission SRES A2 scenario and
are thus characterized by a heterogenous world with
a continuously increasing global population and
regionally orientated economic development (IPCC,
2000). Environmental envelopes generated by each
model were used to predict the distribution of Pacific
oyster, using a 30year average of environmental
data centred on 1985 (1970-2000), representing the
current time period. This was then applied to a
30year average centred on 2050 (2035-2065),
representing the future, under climate change.

The DBEM, and associated Sea Around Us
Project model contrast the above approaches by
first defining a species’ current distribution based
on the following geographic and environmental
tolerance limits: FAO area, latitudinal and depth
ranges and habitat preferences (Close et al., 2006;
Jones et al., 2012). This distribution is then used to
define the species’ bioclimatic envelope by its
‘preference profile’, formed by overlaying current
1970-2000 averaged environmental data over the
maps of current relative suitability. In projecting
the bioclimatic envelope under scenarios of climate
change, the DBEM incorporates dispersal and the
effects of oxygen level and acidification on species
growth through incorporation of ecophysiological
model components and a logistic population
growth model (Cheung et al., 2011). Predictions
from each model and time period were
standardized to give values lying between 0 and 1
and representing the relative habitat suitability of
each cell of the study area for Pacific oyster.

The centroid of the distribution predicted for each
time period (latitudinal centroids) was calculated
for predictions made using each SDM-GCM
combination and threshold using the following
equation (Cheung et al., 2009):

- Z?:lLati‘Abdi

ZleAbd,-

where Lat, is the latitude of the centre of the spatial
cell (i), Abd is the predicted relative habitat
suitability in the cell, and # is the total number of

C
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cells (Cheung et al., 2012). The difference between
latitudinal centroids in projected and reference
years was then calculated in kilometres (km)
(Cheung et al., 2011):

Distance shift (km) = (Lat,, — Lat,) Wn() x 6378.2
where Lat,, and Lat,, are the latitudinal centroids in
2050 and 1985, respectively, and 6478.2km is the
approximated equatorial radius of the Earth.
Further to predicting shifts in latitudinal centroid of
a distribution, potential changes in range area between
reference and projected years was calculated as the
difference in the number of cells with habitat
suitability > 0 (number in 2050 — number in 1985).
Model predictions were combined using a
‘bounding box’ method, retaining the information
from each prediction using an index of model
agreement. When applying species distribution
models to an environmental problem there may be
an element of perceived risk and cost. For
example, the cost of acting on a forecast that gave
a restricted estimate of invasion potential might be
high if a non-native species has particularly
damaging environmental effects. This idea was
introduced into the ensemble forecasting process
by applying thresholds. Thresholds may be used to
transform the continuous predictions of relative
suitability produced by SDMs into predictions of
presence/absence. There are several methods for
selecting threshold values, although there is currently
no consensus on the most suitable method for
applying thresholds to species’ range projections
(Liu et al., 2005; Nenzén and Araujo, 2011). For
example, if a low threshold is set, low values of
habitat suitability will be converted into potential
‘presence’ areas. When investigating the spread of
the Pacific oyster, such a technique could be
beneficial in making a precautionary prediction of
potentially invadable areas and assessing the species
that might suffer the negative impact of invasion.
However, if the main focus is to implement a
strategy of prevention or mitigation, areas of
incorrect prediction might incur considerable and
unnecessary costs that might be better deployed
elsewhere. Here, each of the six predictions in an
ensemble was converted from a probability
distribution to a binary prediction of presence or
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absence using one of three threshold cut-off values,
providing a range of invasion outcomes.

The first threshold chosen was one that
maximizes the accuracy of the model in predicting
the observed occurrences/absences (maximum
training sensitivity plus specificity (MaxSS)), as
indicated in model testing. To find this value,
occurrence data were split in two, with 75% being
used to train and 25% to test the model. Model
testing was implemented using the ROCR package
in R (Sing et al., 2007), a package designed for
evaluating and visualizing classifier performance
using R. Two fixed thresholds, of 0.5 and 0.7 were
also chosen. These would produce more
constrained predictions by retaining only cells with
predicted relative habitat suitability values higher
than the 50th and 70th percentile, respectively, of
the relative habitat suitability distribution.
Predicted habitat that is lower than the specified
threshold value was thus allocated a value of 0 while
that higher than the threshold value was allocated a
value of 1. Having obtained a set of occurrence
predictions across all model combinations for each
threshold, projections within each set were summed
to produce an index of agreement ranging between 0
and 6. This would result in a map that not only
displays the maximum agreed areas of prediction but
also the extent of agreement across 0.5°
latitude x 0.5° longitude cells in the study area.
Similarly, thresholds were used to retain information
on the magnitude of change in presenting ensemble
maps of the difference in relative habitat suitability
(ARHS) values between projection and reference time
periods (2050-1985, values ranging between —1 and
1). Having calculated ARHS for each SDM-GCM
combination, cut offs of 0.1, +0.2 and +0.4 were
applied to create binary predictions as described
above. These cut-off values reflected the range of
ARHSs found while also allowing information on the
degree of change to be portrayed in the map of
agreement. These were summed across all SDM-—
GCM combinations to produce an index of
agreement  potentially ranging from -6
(maximum agreement of a decrease in habitat
suitability across models) to 6 (maximum
agreement of an increase in habitat suitability). As
the index aimed to portray agreement of change,
cells predicted to show no change remained at 0.

Copyright © 2013 John Wiley & Sons, Ltd.

RESULTS

Sea surface temperature in UK waters is predicted to
rise by an average of 0.49°C (5%) using GFDL
ESM 2.1 data and by 0.99°C (10%) using CMIP3
data from 1985 to 2050. All model combinations
predict a northward range shift for Pacific oyster
across its range between 1985 and 2050
(median=467km). The threshold applied to
predictions makes little difference to the median
prediction of range shift across SDM and climate
datasets (Figure 1(a)), although variation in
predictions is seen across threshold within SDM
and climate datasets, in particular using AquaMaps
(Table 1). The median Iatitudinal shift is also
predicted to vary across SDMs, with Maxent
predicting the most conservative median value and
the smallest range (Figure 1(b)). However, the
extent of difference between predictions of
latitudinal shift using alternative SDMs is dependent
on both the climate dataset and threshold used
(Table 1). Thus, while results within SDM are
relatively consistent using CMIP3-E data at different
threshold levels, the greatest differences in latitudinal
shift are caused by SDMs. Using GFDL data, the
difference between SDM predictions increase with
more restrictive (higher) threshold values.

Within UK waters (represented by the UK
Exclusive Economic Zone (EEZ)) only AquaMaps
and the DBEM, applied to GFDL climate data
predicted an increase in the number of 0.5°
latitude x 0.5° longitude cells containing suitable
habitat (the range area) between 1985 and 2050,
and thus range expansion across thresholds
(Table 2). Using CMIP3-E data, a slight decrease
in range area was predicted in some cases, while
predictions from Maxent do not show change in
range area within the UK EEZ.

An example of the change in habitat suitability
that contributes to the predicted northward shifts
in latitudinal centroid is shown for all SDMs with
GFDL data and using the MaxSS threshold in
Figure 2. Here, in particular using AquaMaps and
Maxent, an increase in habitat suitability in seen
in the central North Sea, and around the northern
coast of Norway and Scotland, while a slight
decrease in habitat suitability is seen south of the
UK and towards the Mediterranean.
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Figure 1. Shift in latitudinal centroids for Pacific oyster. Change in latitudinal centroid (2050-1985) in km (a) across different thresholds for all
SDM-GCM combinations, (b) across different SDM models for both GCM datasets and all thresholds.

Table 1. Predicted latitudinal shifts in km using AquaMaps, Maxent and the DBEM with each threshold (maximum sensitivity + specificity (MaxSS),

0.5 and 0.7 fixed thresholds) and climate dataset (GFDL and CMIP3-E)

Global Climate Model and threshold applied AquaMaps Maxent DBEM Maximum Difference
GFDL, MaxSS 644.09 451.78 431.94 212.15
GFDL, 0.5 859.95 466.99 465.98 393.97
GFDL, 0.7 1067.07 444.39 44571 622.68
Maximum difference (GFDL) 422.98 22.60 34.05

CMIP3-E, MaxSS 290.50 487.55 667.81 487.23
CMIP3-E, 0.5 308.26 488.78 688.52 488.20
CMIP3-E, 0.7 433.42 466.31 594.11 466.44
Maximum difference (CMIP3-E) 142.92 22.47 94.40

Table 2. Potential change in area, calculated as the number of 0.5° latitude x 0.5° longitude cells predicted as suitable in 1985 and 2050 in the UK EEZ
using each threshold: Maximum Sensitivity + Specificity (MaxSS), 0.5 and 0.7 fixed thresholds

MaxSS threshold

1985 2050

0.5 threshold 0.7 threshold

1985 2050 1985 2050

AquaMaps, GFDL 277 307 246 298 210 235
AquaMaps, CMIP3-E 307 307 303 298 289 280
Maxent, GFDL 320 320 320 320 320 320
Maxent, CMIP3-E 320 320 320 320 320 320
DBEM, GFDL 175 221 122 136 93 109
DBEM, CMIP3-E 230 230 201 186 148 150

Maps of agreement of Pacific oyster presence
among the six combinations of SDM-GCMs in
2050 are shown in Figure 3, panels la, 2a, 3a. Here
royal blue (0) denotes areas with no prediction of

Copyright © 2013 John Wiley & Sons, Ltd.

occurrence using any model, rather than no
agreement between models. These projections also
show the difference in maximum agreement when
applying different thresholds. Thus, in applying a
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Figure 2. Predicted distributions of relative habitat suitability for Pacific oyster. Predictions made for the Pacific oyster using GFDL Topaz ESM2.1
data and species distribution models (1) AquaMaps (2) Maxent (3) DBEM with maximum sensitivity and specificity threshold and depicting
(a) relative habitat suitability (0-1) in 1985 and (b) difference in relative habitat suitability (2050-1985 values).

relatively low threshold, maximum sensitivity plus
specificity, the outputs show strong agreement in
predicted habitat suitability throughout the
southern North Sea and English Channel as well as
coastal waters around the UK and the west coast of
France. This area of maximum agreement decreases
as the thresholds become more restrictive (i.e.
panels 2a and 3a), with the strongest agreement
under the 0.7 threshold being predominantly
restricted to the south-west, south and south-east
coasts of England and Wales. Larger areas of
agreement were obtained for outputs in 2050 than
1985, indicating the increased suitability of the
North Sea, Norwegian coast and waters around
Scotland and Northern Ireland to Pacific oyster
under climatic change. This is highlighted in
Figure 3, panels 1b, 2b, 3b, which show
the agreement of change in habitat suitability
(2050-1985) across threshold cut-off values of 0.1,
0.2, and 0.4, respectively. There is a prevalence of
positive differences in RHS, with decreases in RHS
values predominantly being restricted to the English

Copyright © 2013 John Wiley & Sons, Ltd.

Channel and southern European waters. Although
maximum agreement (—6 or 6) in ARHS was not
achieved in UK waters, there is relatively high model
agreement in >0.1 ARHS (RHS values lying
between 0 and 1), in particular three or four models
predicting positive change around the west and north
coasts of Scotland and west coast of Norway. Three
models also predict increasing habitat suitability
change of >0.4 ARHS in the north-east Irish Sea.
There was relatively poor agreement between model
predictions in the Skagerrak, Kattegat, Baltic and
coastal waters of the Mediterranean seas.

DISCUSSION

Overall, these findings suggest that UK waters are
projected to become more suitable for Pacific
oyster populations, potentially allowing further
expansion of oyster distribution. Although an
increase in suitable habitat area for the Pacific
oyster is predicted within the UK Exclusive
Economic Zone for some model combinations,

Aquatic Conserv: Mar. Freshw. Ecosyst. 23: 710-722 (2013)
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Figure 3. Ensemble predictions for Pacific oyster using the SDMs AquaMaps, Maxent and DBEM and environmental data from GFDL ESM 2.1 and

CMIP3-E ensemble GCMs. (a) Agreement in relative habitat suitability predicted for 2050 and threshold cut-off values set at (1) maximum sensitivity

and specificity, (2) 0.5 (3) 0.7. Cells with no prediction using any models remain at 0 (blue). (b) Agreement in change in relative habitat suitability

values between projection (2050) and reference (1985) time periods, with threshold cut-off values set at (1) £0.1, (2) £0.2, (3) £0.4. Within each
threshold, cells predicted to show no change across all models remain at 0 (white).

range expansion may also occur through colonization
of currently suitable but unoccupied habitats. Also
consistent with hypotheses of potential range
expansion for Pacific oyster are the predictions of
increased habitat suitability within the range, in
particular reflected in the calculation of latitudinal
centroids.

Before applying the ensemble approach, results
presented here highlight the variability in
projections obtainable using different SDM and
GCM combinations. Although predictions contrast
previous studies that found the DBEM to predict
the greatest distributional shifts (Jones et al., 2013),
results are consistent with the inclusion of dispersal,
the influence of which depends on species-specific
parameters of dispersal. As the Pacific oyster is
sedentary, no adult movement 1is included.
Variation between SDMs agrees with previous
studies suggesting differences to be predominantly
influenced by the specific model characteristics and
techniques applied (Jones et al., 2012). However,
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projections from AquaMaps and the DBEM show
a larger amount of variation caused by the climate
dataset used (GFDL or CMIP3-E). This may result
from the varying ability of the GCMs to model the
shelf sea and coastal regions where the Pacific
oyster is predominantly found. In this case, Maxent
is more robust to variations in the climate data.
However, as many uncertainties exist in predicting
environmental and oceanographic change in shelf
seas, considering impacts from different predictions
is important. This work may thus benefit from the
inclusion of datasets from additional climate
models, discussed below.

Applying predictions from SDMs to assess
invasive alien species or develop management plans
would benefit from systematic ground-truthing and
continued monitoring to assess the rate of spread of
a species into predicted suitable habitat. Although
using occurrence data following previous range
expansion into UK waters more accurately portrays
locations that Pacific oyster might currently inhabit,
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some of these areas may not be inhabited at present
due to dispersal limitation in the time period this
habitat has become suitable. For example, no
records of occurrence were obtained for the east
coast of Scotland, although the environmental
envelopes generated here predicted suitable habitat
for both the current and future time period. For this
reason also, absence data would not contribute
valid information on the habitat preferences of an
invasive alien species. Although absence data might
contribute useful information for species occupying
their entire environmental niche space, these data
would be misleading if absence at a location were
caused by factors not used in constructing an
environmental envelope, such as dispersal. These
maps therefore provide information on sites of
likely invasion both currently and under climate
change. This information may be subsequently
informed and refined wusing spatially explicit
information on suitable substrate for the Pacific
oyster. For example, although Pacific oyster can be
found on mud and sand-mud substrate, settlement
and invasion may be more likely in areas of hard or
rocky substrates, on which they preferentially attach
(FAO, 2012). Although the benefits of applying
SDMs to invasive alien species and the foresight
obtainable are highlighted here, this application
also demonstrates one of the difficulties in
modelling species for which no systematic sampling
has been undertaken, or for which locations of
occurrence may be rapidly changing.

Given the variability in both model algorithms
and output characteristics (Jones et al., 2012), a
consensus approach to ensemble forecasting was
not considered appropriate in this case, and unlikely
to match the truth (Thuiller ez al., 2004; Aratjo and
New, 2007). A method of compiling predictions
more analogous to the bounding box method was
therefore applied. The ensemble maps compiled
provide a useful method of conveying the
uncertainty and variation in species distributions
resulting from a multi-model approach.

However, it is important to note that the set of
SDMs and GCM projections applied here does
not provide comprehensive coverage of model
characteristics and possible sources of variability.
Variation and uncertainty may result from SDMs
according to their complexity, data requirements

Copyright © 2013 John Wiley & Sons, Ltd.

and algorithms. Similarly, uncertainty is introduced
into GCMs due to the current climate, downscaling
method, greenhouse gas emission scenario, and the
climate model itself. Thus while an ensemble allows
variability according to differences in component
models to be captured, certain model similarities
cause other variability to be excluded. For example,
although the ensemble compiled here takes into
account differences in species environmental
envelopes, the data and mechanisms used to
construct them, none of the SDMs consider
inter-specific interactions or evolutionary adaptation,
all relying on the assumption that a species is in
pseudo-equilibrium with its environment. This
assumption may not be upheld if models fail to take
into account biotic interactions that prevent species
occupying otherwise suitable habitat, or in the case
of modelling a species for which there are few, or
outdated, data, as discussed above. Furthermore,
both climate models from which data were obtained
are global and may be criticized for poor resolution
of the topography and dynamics of the coastal shelf
sea. The utility of spatial projections that do not
incorporate the full ranges of uncertainty has been
cautioned against (Planque er al., 2011). However,
this ensemble technique presents information as a
range of possibilities, thereby providing a useful
method to project climate-shifted distributions that
can be updated and refined as alternative techniques
and data become available. Further exploration of
this example in the UK shelf sea may thus benefit
from incorporation of a down-scaled regional
climate model, ground-truthing of input data and
incorporation of further predictors such as substrate,
as suggested above. Although climate data may also
incorporate systematic bias (Stock et al., 2011), no
bias correction was undertaken for this study due to
insufficient observation data for all environmental
variables incorporated in this study. However, both
building and projecting species distribution models
using modelled climate data ensured a consistency
that minimized the effect of this source of bias on
conclusions drawn.

With the exception of Maxent, which was found
to be insensitive to changes in predicted range size
using this set of thresholds, the use of thresholds
enables some of the information contained in the
prediction (the probability distribution) to be
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maintained while being converted into a simpler,
more easily communicated, policy-relevant format.
An application may be informed by a threshold
selected according to the costs and risks involved
in addressing a particular environmental problem.
For an invasive alien species, this would involve
weighing up the costs involved with preventing
establishment compared with economic losses
following establishment and costs of management
or eradication. Eradication programmes can be very
expensive. For example, the cost of eradication of
the current (very small) UK population of carpet
sea squirt (Didemnum vexillum) from marinas was
estimated at £2.4 million in a recent study for the
UK Department for Environment Food and Rural
Affairs (Pinnegar er al., 2012). If the carpet sea
squirt were to spread over the whole of the UK,
then the overall cost of eradication could rise to
£72 million (Williams et al., 2010). Eradication of
Pacific oyster would be even more costly. On the
other hand, range expansion of Pacific oyster may
favour the development of highly profitable oyster
farming. The risk of ecological impacts from
invasion of Pacific oyster and the economic benefits
from oyster farming need to be properly assessed;
approaches employed here would be useful for such
an assessment.

A set of thresholds may also be treated as a range
of scenarios on extent of spread of a particular
species. It is here emphasized that decision-making
may be aided and policy enhanced through
consideration of a range of the available science and
the extent of agreement between alternative model
formulations, rather than the use of a perceived
‘best’” model. Ensemble models may provide a
useful solution for policy-making for the future
when there is uncertainty concerning the reliability
and accuracy of data and model outputs or
disparity in the assumptions of particular models.
However, the ensemble approach should not be
viewed as an alternative to improving and
developing models and collecting better data. In
modelling a changing environment, data may be
continually updated and models refined. While this
is occurring, ensemble forecasts can go some way to
providing confidence and thereby prevent inaction
due to uncertainty and barriers in understanding
between modellers and environmental policy-makers
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Ensemble predictions made here suggest that
Pacific oyster will experience suitable habitat as far
north as the Faroe Islands and the eastern
Norwegian Sea by 2050. In the worst case scenario,
there is substantial agreement in this prediction
between SDMs and alternative climatic datasets. A
potential northward movement will also coincide
with a decrease in habitat suitability in the English
Channel and an increase in the southern and central
North Sea. However, whether the species will be
able to fully exploit this potential environmental
niche will depend on its ability to disperse and
settle. A more optimistic possibility is suggested by
limiting areas of potential habitat suitability to only
the most suitable habitat. In this case, although
areas around the north of Scotland, Shetland and
Faroe Islands are still predicted as suitable both
currently and in the future, there is less agreement
between models. Predictions such as these may thus
be combined with analyses of the perceived costs,
and risk of establishment and eradication, to target
management plans most efficiently. They would
further facilitate application of the precautionary
approach to non-native species that is emphasized
in the Convention on Biological Diversity (CBD)
when there is lack of firm scientific evidence. This
technique may be wusefully incorporated into
frameworks such as the ‘GB risk analysis
mechanism’, developed to promote risk assessment
and the precautionary approach, as stipulated in
the CBD.
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